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Essays on Transportation Policies and Their Effects in Beijing
Nan Zhong
Transportation problems such as traffic congestion and traffic emission draw growing atten-
tion along with rapid urbanization and growth of urban transportation sector in developing
countries. This dissertation focuses on a series of transportation policies implemented by the
government of Beijing and explores their potential effects in the aspect of reducing traffic
congestion, improving air quality, and saving energy. This dissertation is composed by three
essays. The first essay exploits an idiosyncratic feature of a driving restriction policy and
examines the effects of having more vehicles on the road on traffic congestion, ambient air
pollution, and contemporaneous health. The findings suggest that traffic congestion has
substantial environmental and health externalities in Beijing but that they are also respon-
sive to policy. The second essay explores the effects of opening new subway lines on traffic
congestion and ambient air pollution in Beijing. Results show that the expansion of subway
networks significantly decreases traffic congestion, and is associated with improvements in
air quality in areas located close to the newly opened subway lines. The third essay estimates
the price and income elasticities of vehicular gasoline demand to explore the potential effect
of fuel tax on transportation gasoline consumption in Beijing.
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As the concept of sustainable development draws growing attentions in different sectors,
special attention is also paid to road transportation sector in urban areas. On one hand,
given the rapid urbanization and increasing percentage of urban population worldwide, urban
developing problems become more important. On the other hand, the impacts generated by
the current urban transportation pattern on environment quality and economic prosperity
are significant. For these reasons, urban transport problems and transport policies receive
more and more attention, and various efforts are made to find a sustainable urban transport
pattern. In the context of sustainable development, a desirable transportation pattern should
meet people’s mobility needs, while at the same time preserving and enhancing environmental
quality and social equity now and for the future.
The major problems brought by increasing need of transportation in urban areas are the
negative externalities associated with it. Among which, most commonly concerns include
traffic congestion, ambient air pollution, and increase of energy consumption. Like other
large cities, Beijing is not immune to these transportation problems. In recent couple of
decades, along with the sprawling urban area and people’s increasing living standard, Beijing
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started to experience a dramatic increase in number of private vehicles. This large and
still rapidly growing vehicle stock in Beijing has already been causing serious problems
including traffic congestion, air pollution, high energy consumption and so on. According to
Beijing Municipal Environmental Protection Bureau (EPB), vehicular pollution had replaced
industrial pollution and became the most important air pollution sources since the last
decade. In terms of traffic congestion, the average traffic speed in Beijing is around 20
kilometers per hour during peak hours in the year of 2010, and the duration of peak hours
has been increasing in the past a few years. Gasoline consumption in Beijing is increasing
rapidly, and accounts for 5% of the total gasoline consumption in China in 2010.
The serious problems raised by increasing of transport demand caught the attention of
the government of Beijing. A series of interventions have been taken aiming to alleviate the
problems. Most of the recent transport policies are designed to induce people away from
the high emission-intensive private transport mode, and towards the low emission-intensive
public massive transit. Related policies include driving restriction, expansion of the subway
network, and fuel tax reform.
This dissertation focuses on examining the effects of these transportation policies in
Beijing. Chapter 2 focuses on the driving restriction policy introduced in Beijing after
the Olympic Games. In this chapter, I collect daily ambulance call data from the Beijing
Emergency Medical Center and combine them with an idiosyncratic feature of a driving
restriction policy in Beijing that references the last digit of vehicles’ license plate numbers.
Because the number 4 is considered unlucky by many in China, it tends to be avoided on
license plates. As a result, days on which the policy restricts license plates ending in 4
unintentionally allow more vehicles in Beijing. Leveraging this variation, I find that traffic
congestion is indeed 20% higher on days banning 4 and that 24-hour average concentration
of NO2 is 12% higher. Correspondingly, these short term increases in pollution increase
2
ambulance calls by 12% and 3% for fever and heart related symptoms, while no effects are
found for injuries. These estimates are largely unchanged when day of the week fixed effect,
weather, and lagged pollution are included. These findings suggest that traffic congestion
has substantial health externalities in China but that they are also responsive to policy.
Chapter 3 explores the expansion of subway network in Beijing and its effects on traffic
congestion and air pollution. The government of Beijing has initiated major efforts to expand
the city’s urban subway networks in the past decade as a measure of alleviating transporta-
tion problems. Over the period from 2007 to 2012, there were new subway lines opened each
year. In this study, I collected traffic congestion and air pollution data to examine the ef-
fects of newly opened subway lines on traffic congestion and ambient air pollution in Beijing.
Results show that traffic congestion significantly decreases as the length of subway routes
increases. The opening of new subway lines is associated with decreases in air pollution
levels in areas located close to the newly opened subway lines.
Chapter 4 uses retail gasoline sales data and estimates the price and income elasticities
of vehicular gasoline demand in Beijing over the period from 2003 to 2011. To address the
concern that gasoline price and quantity are jointly determined, I employed an IV approach
using a guiding price set by the central government of China and the introduction of more
stringent vehicular gasoline standards in Beijing as instrument variables for gasoline price.
The estimates of the short-run price elasticity of gasoline demand range from -0.24 to -0.54,
while those of the long-run price elasticity range from -0.47 to -0.66. Estimated short-
run income elasticity ranges from 0.76 to 0.90, and estimated long-run income elasticity
ranges from 0.96 to 1.05. The expansion of subway network in Beijing has significant impact
on gasoline consumption. The price elasticity of gasoline demand is found to be getting
more elastic over time, which is likely to be caused by the extensive development of public
transportation systems and restrictions on private vehicle use.
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This dissertation is relevant to environmental and transportation policies in Beijing.
As local air quality and traffic congestion receiving more and more attention in Beijing, the
government is introducing various kinds of policies trying to deal with these problems, which
is very likely to be implementing later in other cities in China. Estimates of these policies’
effectiveness are very important before any further policy decision. More generally, the
analysis has implications for environmental and transportation policies throughout the urban
developing world. According to World Bank, the percentage of urban population is over
50% by 2011, and still increasing. In this context, transportation problems in urban areas
will become more common. Existing transportation policies will be considered as potential
solutions and might be introduced into other developing urban areas. It is important to have
reliable empirical estimates of the impact of these policies, and these studies will fill some




Traffic Congestion, Ambient Air
Pollution, and Health in Beijing
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Abstract
Vehicles have recently overtaken coal to become the largest source of air pollution in urban
China. Research on mobile sources of pollution has foundered due both to inaccessibility of
Chinese data on health outcomes and strong identifying assumptions. To address these, I
collect daily ambulance call data from the Beijing Emergency Medical Center and combine
them with an idiosyncratic feature of a driving restriction policy in Beijing that references
the last digit of vehicles’ license plate numbers. Because the number 4 is considered unlucky
by many in China, it tends to be avoided on license plates. As a result, days on which
the policy restricts license plates ending in 4 unintentionally allow more vehicles in Beijing.
Leveraging this variation, I find that traffic congestion is indeed 20% higher on days banning
4 and that 24-hour average concentration of NO2 is 12% higher. Correspondingly, these
short term increases in pollution increase ambulance calls by 12% and 3% for fever and
heart related symptoms, while no effects are found for injuries. These estimates are largely
unchanged when day of the week fixed effect, weather, and lagged pollution are included.
These findings suggest that traffic congestion has substantial health externalities in China
but that they are also responsive to policy.
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2.1 Introduction
Air pollution is a major environmental threat to people in both developing and developed
countries. According to the 2014 United Nations Environment Programme (UNEP) Year
Book, air pollution has become the leading cause of environmentally related deaths. As
estimated 7 million premature deaths were connected to air pollution globally in 2012, among
which 3.7 million were caused by outdoor air pollution. Pollution from the transport sector is
responsible for a large portion of the health effects. Road transport accounted for 50% of the
health cost in OECD countries in 2010 (UNEP 2014). With its rapid economic development
and less stringent environmental standards, China is experiencing deteriorating air quality.
Moreover, because of the fast-growing transport sector, vehicle emission has become one
of the major sources of air pollution in urban China, which could lead to significant social
costs. While it is important to quantify the negative externalities of air pollution, surprisingly
little literature has documented the relationship between air pollution and health in China,
especially the contribution of road transport to the total health impact of air pollution.
Even less is known about Chinese policies that might affect air pollution and health. Thus,
this study aims to explore the effects of the driving restriction policy and air pollution from
traffic sources on health in China.
In this paper, I use a driving restriction policy introduced in Beijing as a natural experi-
ment to study the health effects of mobile sources of air pollution. The policy was introduced
in 2008 to alleviate traffic congestion and reduce vehicle emissions in Beijing. Under the pol-
icy, vehicles are restricted from the road each workday based on the last digit of the vehicle’s
license plate number. Because the number 4 is considered unlucky in Chinese culture, it
tends to be avoided on license plates, resulting in fewer vehicles with plate numbers ending
in 4 compared with other numbers.1 Hence, this driving restriction unintentionally allows
more vehicles on the road in Beijing on days in which the number 4 is restricted. I collected
data on traffic congestion, ambient air pollution, and ambulance calls, exploiting time series
variations in the number of vehicles allowed on the road attributable to the idiosyncratic
feature of the driving restriction, and exploring the relationship between traffic condition,
ambient air pollution, and health. The driving restriction provides a compelling setting for
estimating the effects of air pollution on health. First, the variation in air pollution induced
by days with different restricted numbers is unlikely to correlate with other confounding
factors, therefore, this treatment can be considered to be “as good as random." Second, it
helps address potential measurement error in the reported ambient pollution levels (Angrist
and Krueger 2001).
This paper shows that this exogenous variation in the number of vehicles allowed on the
road is a significant predictor of traffic condition, ambient air pollution, and health in Beijing.
Specifically, on days when vehicles with license plates ending in the number 4 are restricted
(hereafter referred to as “number 4 day"), the traffic congestion index increases by 20%. The
number 4 day also has an significant impact on ambient air pollution. The 24-hour average
concentration of nitrogen dioxide (NO2) from noon on the number 4 day to noon the next
day is 12% higher. Correspondingly, the short-term increase in the pollution level increases
ambulance calls. On days after the number 4 day, the emergency ambulance call rates related
to heart disease and fever are higher by 2.9% and 11.5%, respectively, while no effects are
found for injuries as a control group. Looking at subpopulation groups, I find that the point
1The number four is considered to be unlucky in Chinese culture because it sounds like âdeathâ in
Chinese. Due to this reason, people tries to avoid to use the number four in places like phone numbers and
plate numbers. Since there are few people willing to choose a vehicle license plate with four in it, the Beijing
Traffic Management Bureau even stopped issuing plate number with four. Other papers that investigate the
impact of Chinese superstitious beliefs have focused on the willingness to pay for special license plates in
Hong Kong (e.g., Fortin, Hill, and Huang 2014; Ng, Chonga, and Du 2010; Woo et al. 2008).
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estimates for the population aged 65 and above are larger than those of younger population
groups. However, comparing the mean ambulance call rates of each subpopulation, the
population aged 15 and 64 has the largest percentage change. With a distributed lag model,
there is no significant temporal displacement effect or lag effect on ambulance call rates.
These estimates are largely unchanged when controlling for weather, lagged pollution, and
day of the week fixed effect. These findings suggest that traffic congestion has substantial
health externalities in China but that they are also responsive to policy.
The findings in this paper are an important contribution to the literature on air pollu-
tion and health in developing countries. Although associations between air pollution and
health have been well documented, most of them are based on developed countries where air
pollution levels are relatively lower. These estimates cannot be extrapolated to developing
countries where air pollution levels are much higher if a nonlinear health effect of pollution
exists. Furthermore, while most of the existing literature on this topic in China focuses on
particulate matter (PM) or total suspended particulate (TSP), the findings of this study
shed some light on the health impact of more traffic-related pollutants such as NO2. With
the rapid growth in road transportation and an increasing share of air pollution from traffic
sources in developing countries, it is crucial for policy makers to understand the negative
social externalities.
This study also has important policy implications for urban planning and transportation
policies. Traffic congestion is a problem of urban areas worldwide, and policy makers must
understand the social benefits of reducing traffic congestion. Knittel et al. (2011) examined
the relationship between traffic, ambient air pollution, and infant health, but the traffic
shocks they used were from non-policy related sources such as accidents or road closures. In
contrast, the present study is based on an actual policy aiming to reduce traffic congestion.
This study suggests that implementing this policy can result in significant social benefits
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on air quality and health. Since this study is based on a natural experiment at high base-
line pollution levels, the results may be more generalizable to other factors affecting traffic
congestion in polluted cities.
In addition, this study is relevant to the enforcement of driving restrictions. Driving
restrictions have been introduced in many cities worldwide before Beijing, but their effec-
tiveness is debatable. Davis (2008) examined the driving restriction introduced in Mexico
City in 1989 and found it ineffective, since people were purchasing secondhand cars to avoid
this inconvenience. Results of the present study, on the other hand, suggest that the driv-
ing restriction in Beijing is effective in reducing traffic congestion and air pollution, and in
improving health outcomes. The difference in effectiveness implies that people responded
to similar policies differently in the two cases. Possible reasons for the effectiveness of the
driving restriction in Beijing might be related to the policy limiting vehicle sales and the
upgrading of the subway system. In December 2010, Beijing introduced a policy that limits
the issuance of vehicle license plates to 2,000 per month, which prevents people from pur-
chasing additional vehicles to circumvent the driving restriction. Meanwhile, the large-scale
opening of new subway lines provides extra public transit alternatives for people when their
vehicles are restricted. Now that many other cities in China have replicated or are about to
replicate this driving restriction, it is important to understand the conditions for this policy
to be effective.
The rest of this paper is organized as follows: Section 2 provides a background of Beijing’s
transportation and air pollution situation, as well as its driving restriction policy. Section 3
describes the data. Section 4 presents the empirical strategy and results. Section 5 discusses
the economic valuation. Section 6 concludes.
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2.2 Background
2.2.1 Air Pollution and Health
Literature on the the relationship between air pollution and health includes both epidemio-
logical and economic studies. Most of the epidemiological studies in this field were conducted
in the United States and OECD countries (e.g., Dockery et al. 1993; Pope et al. 2002; Co-
hen et al. 2004), with a focus on PM and mortality. The levels of PM in these studies are
much lower than the levels in China. Some epidemiological studies conducted in the 1950s
might be more relevant to developing countries, considering the high pollution level back
then (Logan and Glasg 1953; Greenburg et al. 1962). Some epidemiological studies have
been conducted in China as well. Most of them focused on the impact of pollution from coal
burning, such as TSP and sulfur dioxide (SO2), on mortality (e.g., Gao et al. 1993; Xu et
al. 1994; Dong et al. 1995; Xu et al. 1996; Chang et al. 2003; Kan and Chen 2004; Aunan
and Pan 2004). However, few, if any, studies focused on the impact of pollution from the
transport sector. With the fast-growing transport sector in urban China and more stringent
industrial emission control policies, there is a decreasing trend in TSP and SO2 emission
from industrial sources and an increasing trend of pollution from traffic sources in urban
China. As major pollutants from traffic sources, nitrogen oxides (NOx) are considered to
have increasing potential with the rapid motorization in China (Hao and Wang 2005; Hillbol
et al. 2013). Hence, it is important to understand the relationship between human health
and traffic-emitted pollutants like NOx in China.
One problem when estimating the effect of air pollution on health is that air pollution is
not randomly assigned to individuals, and it is difficult to measure the effects when other un-
observed determinants of health correlate with air pollution. For example, health-conscious
people may live in neighborhoods with better air quality or avoid exposure to high pollution.
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Another problem that may complicate the estimation is measurement error when using the
ambient air pollution level as a measure of individual exposure. To avoid these problems,
some economic studies use econometric tools such as fixed effects and instrumental variables
to estimate the effects. For example, Currie et al. (2009) explored the effects of air pollu-
tion on infant health, using maternal fixed effects to control for unobserved characteristics
of mothers. Chay and Greenstone (2003) examined the impact of reduced TSPs induced
by the 1981-1982 recession to examine the impact on infant mortality rates. Chen et al.
(2013) explored the impact of different TSPs due to the different winter heating policies in
northern and southern China on life expectancy and mortality. Studies have used variations
of pollution caused by port activity, airport runway congestion, and road traffic congestion
to explore the health impact of air pollution from traffic sources (Currie and Walker 2011;
Knittle et al. 2011; Moretti and Neidell 2011; Schlenker and Walker 2011). However, no
studies have employed these econometric tools to estimate the effects of air pollution from
traffic sources on health in China.
2.2.2 Transportation Problem and Air Pollution in Beijing
With its high population density and extensive economic activities, Beijing is facing trans-
portation problems as are other mega-cities around the world. During the past couple
of decades, Beijing has experienced rapid change in the transportation sector along with
economic growth. According to the annual report of the Beijing Transportation Research
Center, transportation needs in Beijing have been increasing steadily in the past decades,
reaching 30.3 million trips per day in 2012. 2 The mix of transportation modes is also
changing. The most distinct change is the share of trips by private vehicles, which increased
2Trips counted here include those within the Sixth Ring Road, exclude trips by foot.
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from 5% in 1986 to 34% in 2010. The stock of motor vehicles in Beijing has been increasing
exponentially, reaching 5.2 million in 2012. Much of the increase has been driven by private
vehicles, which accounted for 80% of the total vehicle stock in 2012. Because of the rapid
growth of ownership and usage of private vehicles, the traffic congestion problem is becoming
more serious. In 2012, the average road speed during peak hours on workdays was around
25km/h, and the average hours of congestion was over 4 hours per day.3
Air pollution is another serious problem in Beijing. In 2012, the annual average concen-
tration of SO2, NO2, particulate matter smaller than 10µg (PM10), and carbon monoxide
(CO) in Beijing was 28µg/m3, 52µg/m3, 109µg/m3, and 1.4mg/m3, respectively (EPB 2012).
The annual average concentration of NO2 and PM10 exceeds the level specified in the World
Health Organization’s (WHO) annual mean air quality guidelines by one fourth and over
five times, respectively. The level of SO2 also exceeds WHO’s 24-hour mean guidelines on
nearly half of the days in 2012. 4 With the Ambient Air Quality Standard of China, which
is much looser than the WHO standard, NO2 and SO2 meets the second-class air quality
standard (the standard applied to residential areas) and PM10 exceeds the second-class air
quality by 9%. 5 Many studies have confirmed that mobile sources have replaced coal burn-
ing and become the most important contributor to Beijing’s air pollution. Vehicle emissions
are identified as major contributors to pollutants including carbon monoxide (CO), NOx,
PM, and volatile organic compounds (VOCs)(Hao et al. 2000; Hao et al. 2001; Fu et al.
2001; Walsh 2007; Westerdahl et al. 2009; Wang et al. 2010). According to a report by the
3Here congestion is defined as when it takes 50% more travel times than running with the speed limit.
4Details of the WHO air quality guidelines are presented in Table 2.1. http://whqlibdoc.who.int/hq/
2006/WHO_SDE_PHE_OEH_06.02_eng.pdf?ua=1
5According to Ambient Air Quality Standard(GB3095-2012), first class standard applies for nature reserve
areas, second class standard applies for residential, business, and industrial areas. Details of second class
standard are presented in Table 2.1.
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Beijing Municipal Environmental Protection Bureau (EPB) in 2012, vehicle-emitted NOx ,
CO, and PM smaller than 2.5 micrometers in diameter (PM2.5) accounted for 56.9%, 85.9%,
and 22.2%, respectively, of the total emission from all sources in Beijing. 6
Although several scientific studies have linked exposure to air pollutants with adverse
health effects, the mechanism of how air pollution affects health remains unclear. Short-
term exposure to PM, NOx, and sulfur oxides (SOx) all have negative effects on health. For
PM, small particles such as PM10 and PM2.5 are considered to pose the greatest problems
because they can penetrate into the lungs and even the bloodstream. NOx and SOx can
react with other compounds to form small particles. These particles can penetrate into
sensitive parts of lungs and cause or worsen respiratory disease, as well as aggravate existing
heart disease. In the presence of sunlight, NOx is a precursor of ozone. Exposure to ozone
can also trigger a variety of health problems including respiratory system diseases and heart
problems. Exposure to CO can cause negative effects on health by reducing the oxygen-
carrying capacity of the blood. At high levels, CO can cause heart and respiratory problems,
and extremely high levels of CO can lead to death.
2.2.3 Driving Restriction in Beijing
Beijing is not the first to introduce a driving restriction policy. Similar restrictions were im-
plemented in Santiago, Chile in 1986 and in the Mexico City metropolitan area in 1989. Sev-
eral Latin American cities followed suit, including Sao Paulo, Brazil and Bogota, Columbia.
During the 2008 Olympic Games, Beijing implemented a short-term driving restriction re-
ferred to as the âOdd-even driving restrictionâ in which vehicles with odd plate numbers
6Here the vehicle emitted PM2.5 includes both primary and secondary emission, but excludes vehicle-
induced road dust. http://www.bjepb.gov.cn/bjepb/323474/331443/331937/331945/449229/index.
html
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were restricted on odd days and those with even plate numbers were restricted on even days.
This policy proved to be a success in reducing traffic congestion and ambient air pollution.
Seeing the significant effects, the government decided to continue with a less stringent version
of the policy. On October 11 2008, the Beijing government announced the implementation
of a half-year trial of the driving restriction until April 10 2009. The driving restriction was
based on the last digit of the vehicle’s license plate number. From Monday to Friday, vehicles
with license plate numbers ending in 1 or 6, 2 or 7, 3 or 8, 4 or 9, and 5 or 0, respectively,
were banned from the roads. The restricted day of the week for different numbers rotated
every four weeks. The driving restriction was in force within (and including) the Fifth Ring
Road, from 6:00 in the morning to 21:00 in the afternoon. When this half-year trial ended,
the government started a new round of the driving restriction lasting one year. This time,
the restricted day of the week changed every 13 weeks, and the restriction area was narrowed
to inside (and excluding) the Fifth Ring Road and from 7:00 to 20:00. The third round of
the driving restriction began immediately after the previous round on April 11 2010. Since
then, there have been no changes in the policy, and the restriction remains in force. Also, the
penalty for violating the regulation has changed over time. Initially, drivers who violated the
restriction were stopped and fined 100 yuan (around $16.3) for the day. Since there would
be no extra penalty if the violator was caught more than once in a day, some people were
willing to risk being caught and pay for the daily fine. To improve enforcement, since 2011,
the government has changed this daily penalty to a 100 yuan every three hours.
With the gradual changes in policy, it is reasonable to expect people’s behavior and
response toward the restriction to change over time. Wang et al. (2013), using a 2010
household travel survey in Beijing, found that the driving restriction did not significantly
influence individuals’ choice to drive. They found that a large percentage of drivers left
home before 7:00 to circumvent the driving restriction, and violations of driving restriction
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were common. After 2011, with the improvement of the transport surveillance system and
the stricter penalty for violating the restriction, the Beijing Traffic Management Bureau
claimed that compliance with the driving restriction had improved. The opening of subway
lines linking the central city area with the rural area 7 and the increase of parking fees 8
since 2011 have also helped encourage people to switch from private vehicles to the public
transportation system.
Hence, with people’s gradually changing behavior and different policy packages, the ef-
fects of driving restrictions could be very different. For example, Davis (2008) measured
the effect of Mexico City’s driving restriction on air quality using a regression discontinuity
design, based on hourly pollution measures from monitoring stations. The results showed no
evidence that the restrictions had improved air quality. In addition, evidence from additional
sources indicates that the restriction led to an increase in the total number of vehicles in
circulation as well as a change in composition toward high-emissions vehicles like used ve-
hicles. However, Salas (2010) argued that changes in methodology can alter its conclusions.
Specifically, Salas 2010 showed that there are different effects within different time windows,
which is consistent with the hypothesis that people gradually adapt to the policy. A few
studies have focused on the effect of Beijing’s driving restriction, but no consensus has been
reached (Chen et al. 2011; Viard and Fu 2011; Sun et al. 2014). The mixed results are
partly due to the different identification methods employed and likely related to the studies’
different time windows.
7Five subway lines were opened on December 30th 2010 (line Daxing, Yizhuang, Fangshan, Changping,
and western part of line 15), extending the subway service area to suburb areas. And on December 31st 2011,
three new lines were opened (line 8, 9, and eastern part of line 15), further improved the linkage between
city center and Beijing’s suburb areas.
8Parking fee for non-residential areas in central Beijing was increased on Apr.1st 2011. Compared to old
parking fee standards, the new standards are higher by around five times.
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2.3 Data
In this study, I combined three major data sets for the year of 2012: measures of traffic
congestion, ambient air pollution, and health outcomes. The details of each set of data are
as follows.
2.3.1 Measure of Traffic Congestion
As a measure of traffic congestion, I collected a traffic congestion index maintained by the
Beijing Transportation Research Center 9. This index is calculated based on the real-time
speed of vehicles on the road collected from taxis and street monitors in the area within the
Fifth Ring Road of Beijing. It is weighted by the traffic volume on each road. The index
describes the relationship between travel time according to real-time speeds on the road and
travel time in obedience to the road’s speed limit. It is on a scale from zero, which represents
no congestion at all, to ten, which represents a very congested road. The explanation of its
values is shown in Table 2.3, presented as the amount of time needed compared to driving
at the speed limit.
The traffic congestion index I obtained is a 15-minutes average time series data. Figure
2.2 presents the 15-minute variation of the traffic congestion index in 2012. It shows that
on a typical workday, the morning peak starts at around 7:00 and ends at 9:00, and that
the evening peak is from around 17:00 to 19:00. The maximum congestion index during
peak hours could reach value of six or above, which is two to three times higher than during
non-peak hours. With the 15-minute average traffic congestion index, I explored how traffic
conditions varies within a day. First, I divided the 24 hours within a day into three periods:
peak hours, non-peak hours, and non-restricted hours. Peak hours include morning peak
9Data were obtained from Beijing Transportation Research Center: http://www.bjtrc.org.cn/
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hours from 7:00 to 9:00, and evening peak hours from 17:00 to 19:00. Non-peak hours include
the hours between 7:00 and 20:00 when the driving restriction is in force, but exclude peak
hours. Non-restricted hours, which include the hours before 7:00 and after 20:00, are the
hours when the driving restriction is not in force. Rows 2 to 5 in Panel A of Table 2.4 show
that the values of the congestion index are very different in the three time spans, with the
largest value during peak hour hours, and the smallest value during non-restricted hours.
Besides the value of the congestion index, I also generated a data set covering the duration
of peak hours each day. Following the description of the traffic congestion index in Table 2.3,
I defined morning peak hours as the period of time before 13:00 during which all 15-minute
average congestion indices reached four or above. I used the same definition for evening peak
hours, which were after 13:00. Based on this definition of morning and evening peak hours, I
determined the duration, starting time, and ending time of morning and evening peak hours
on a daily basis. Summary statistics for these variables are also listed in Panel A of Table
2.4.
2.3.2 Measure of Air Quality
As a measure of air quality, I obtained two sets of data. One was measured and recorded by
the Beijing Environmental Protection Bureau (EPB), and the other one was from the US
embassy in Beijing.
Air quality in Beijing is measured and recorded by a network of air quality monitoring
stations operated by the EPB. As of 2012, this network consisted 27 stations distributed
uniformly in both urban and rural areas of Beijing. The stations measure and record con-
centrations of three major air pollutants: NO2, PM10, and SO2. The first set of data used
here is the station-level 24-hour average concentration of NO2, PM10, and SO2 in 2012.
This data is converted from the 24-hour average pollutant-specific air pollution index(API)
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reported by the EPB. The pollutant-specific API is an index scaled from 0 to 500, calculated
by a function based on the pollutant’s concentration. Table 2.2 shows the pollutant’s con-
centration and its corresponding API range. With the value of API, air quality is classified
into five categories based on health concerns. Air quality is defined to be “excellent" if API
is below 50, “good" if it is between 50 and 100, “slightly polluted" if it is between 100 and
200, “moderately polluted" if it is between 200 and 300, and “heavily polluted" if it is above
300 (see Table 2.2). One thing to note here is that the 24-hour period refers to the period
from 12:00 on the previous day to 12:00 on the current day.
Another set of data is the hourly PM2.5 concentration measured and reported by the US
embassy in Beijing. Concerned about Beijing’s air quality and its potential health impacts,
the US embassy in Beijing started to monitor PM2.5 in 2008 and to provide this information
as a resource for the health of the American community. The monitor is located at the
site of the embassy, which is within the Fourth Ring Road. With this hourly measure of
PM2.5, I was able to further explore the temporal feature of driving restriction’s effects on
air pollution and health. Summary statistics of air quality data are presented in Panel B of
Table 2.4.
There have been concerns about data quality in China for a long time, and the discrepancy
between the air quality index reported by the US embassy in Beijing and the API reported
by the EPB always debatable. Possible reasons behind this might be due to difference in the
pollutants being measured (PM2.5 for the US embassy, and PM10 for the EPB before 2013)
and different locations of monitoring stations (a single station at the US embassy versus
the city average for the EPB). Starting in 2013, the EPB began to measure and record
levels of PM2.5 as well. In response to the data quality issue, I chose the EPB monitoring
station closest to the US embassy (within a distance of 1.6 kilometers), and compared the
PM2.5 measurements from the two stations. Figure 2.4 presents the daily measures of PM2.5
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from these two stations in 2013. The two measures covariated very well, with a correlation
coefficient of 0.92. The mean value of PM2.5 from the US embassy was slightly higher (by
9%) than the one from the EPB, but the difference is not unreasonable considering the
different monitoring location.
Among the three pollutants monitored by EPB, NO2 is considered to have the closest
connection with road transportation, PM10 is also considered to be a major pollutant from
traffic, while SO2 mainly comes from coal burning(Hao et al. 2001; Westerdahl et al. 2009;
Hao et al. 2005). Though most NO2 emissions come from traffic, the hourly variation of NO2
in Beijing doesn’t match traffic patterns exactly. The concentration of NO2 doesn’t have a
clear morning peak, and it reaches the lowest level around noon. Then, it starts to increase
and remains at high levels from the evening until the next morning. This diurnal pattern can
be explained by the chemical reaction with other gaseous pollutants, and by meteorological
conditions. First of all, most NO2 is not directly emitted from vehicles, but is converted from
the vehicular emissions of NO, which is part of the reason why level of NO2 doesn’t respond
to commuting peaks immediately. Second, the chemical reaction between NO, NO2, and O3
in the presence of sun light results in a low concentration of NO2 during the daytime (Chen
et al. 2009). Another reason for the relatively high level of pollution during the nighttime
is the temperature inversion that occurs at night, which traps pollutants near the surface.
For particulate matters, the hourly US embassy PM2.5 data shows similar diurnal patterns:
the concentration reaches its bottom at around 13:00, and the daily maximum appears in
the evening hours, starting from 20:00 (see Figure 2.5). This diurnal pattern has also been
recorded by related studies, and is considered to be influenced by temperature inversion
and boundary layer development patterns(Zhao et al. 2009). Since the level of pollution in
Beijing doesn’t respond to traffic conditions as they occurred but only starts to show their
effects in the early evening, I matched the 24-hour average air pollution level, from 12:00
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on the current day to 12:00 on the next day, with the traffic conditions on the current day.
More details will be discussed in Section 4.
2.3.3 Measure of Health
While previous research has focused primarily on the effects on mortality, I focus on air
pollution’s effects on morbidity in this paper. The usual measure of morbidity comes from
hospital inpatient and emergency room admission data. However, in Beijing’s case, inpatient
admission data might not be a good measure of contemporaneous health conditions of local
people. Given the unequal distribution of health resources in China, Beijing’s high quality
medical resources draw a significant number of patients from outside of Beijing. A large
portion of inpatient cases in Beijing are not local residents. On the other hand, with limited
medical resources and a large number of patients from both inside and outside of Beijing,
a patient who seeks an inpatient slot may not be able to get registered at once.10 Another
possible source of morbidity is emergency room visit data; however, the health department
in Beijing doesn’t provide this dataset.
Here I collected the number of emergent ambulance calls in Beijing in 2012 as a measure of
health outcomes. The data was recorded by Beijing Emergency Medical Center(EMC), which
takes charge of emergency medical calls and provides emergency medical services within the
urban area of Beijing. When an urgent medical condition occurs, the client is supposed to
dial in and report the patient’s symptom, situation, age, gender and location. Then, the
EMC will send doctors and an ambulance to the scene immediately. With this detailed set
of records, EMC helps to provide a district-level data set on the number of ambulance calls
by patients’ self-reported symptoms, as well as the numbers of calls by different gender and
10http://www.people.com.cn/GB/paper503/2137/341362.html
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age categories. The data covers all six districts in the urban area of Beijing.
The data set includes three types of self-reported symptoms, which are symptoms related
to heart disease, fever, and injury. Respiratory illnesses are not included here because there
are very few respiratory cases, possibly due to the fact that most respiratory disease patients
are not in such a critical condition that they need an ambulance. On the contrary, heart-
related disease was more common in the data set and is considered to be correlated with air
pollution (Peters et al. 2001). Within the field of heart disease, I included a category for
coronary heart disease. This is one of the most common heart diseases, and its symptoms
are relatively easier for patients to confirm. Another symptom included in the data set was
fever, which can be caused by inflammation and is also a common respiratory symptom.
Fever has been used in other studies as a measure for respiratory morbidity (Peters et al.
1997). Lastly, I included injury as a control group.
District level total population and population by age and gender categories were also
collected for the calculation of emergency call rates. The permanent population in the six
districts of the urban area is over eight million, and accounts for around 65 percent of the
total permanent population in Beijing. Summary statistics for this data set can be referred
to in Table 2.5.
2.3.4 Weather Data
Weather data in Beijing was obtained from the ISD-Lite data set published by National
Oceanic and Atmospheric Administration (NOAA).11 The data set contains hourly records
of air temperature, dew point temperature, sealevel pressure, wind direction, wind speed,
sky conditions (the fraction of the total celestial dome covered by clouds or other obscuring
11Data was obtained here: http://cdo.ncdc.noaa.gov/pls/plclimprod/poemain.accessrouter?datasetabbv=DS3505
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phenomena), and precipitation. To match weather data with the 24-hour average air pol-
lution measure, I averaged the weather indicators based on the same 24-hour period from
12:00 to 12:00. The 24-hour wind direction is the vector average of hourly reported wind
directions.12
2.4 Empirical Strategy and Results
Since there are fewer vehicles with license plate numbers ending in the number 4, the driving
restriction in Beijing unintentionally allows more vehicles on the road during days on which
plate numbers ending in 4 are restricted. This quirk of the driving restriction provides an
exogenous shock to the air pollution level that is unlikely to correlate with other short-term
determinants of health. Table 2.6 compares the mean values of weather variables, visibility,
and air pollution levels on the number 4 days and other days. As expected, while the mean
value of air pollution is higher on the number 4 day, no statistically significant difference is
observed between the two groups for weather conditions and visibility. The number 4 day is
also expected to be distributed evenly among the days of the week because the policy rotates
the assignment of restricted numbers to weekdays every three months.13 In the following
section, I use this exogenous variation of the number of vehicles allowed on the road induced
by the driving restriction to explore the relationship between traffic condition, air pollution,
and health.
12http://www.ndbc.noaa.gov/wndav.shtml
13During the one year period of 2012, there was in total four rounds of rotation of restricted numbers
on different weekdays. Hence, the number four day distributed evenly through Mondays to Thursdays, but
much less on Fridays. To ensure the robustness of results, I enlarge my sample for air pollution to include
and extra three month in 2013 to balance the day of week when the number four is restricted. Results are
largely unchanged with this enlarged sample. However, restricted by the heath data, my main study period
is the year of 2012.
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2.4.1 Effects of the Number 4 Day on Traffic Congestion
I first tested whether the higher number of vehicles on the road during the number 4 days
has any impact on the traffic condition. The measure for traffic congestion includes both the
value of the congestion index and the duration of congestion. I expected a higher congestion
level and more congested hours during the number 4 days.
The effect of the number 4 day on traffic congestion is estimated by the following equation:
Congestiont = α0 + α11{DR_4t}+ holidayt + weathert (2.1)
+ montht + dowt + hourt + εt
where Congestiont is the 15-minutes average congestion index on date t, and 1{DR_4t} is
the dummy variable indicating the date on which plate numbers ending with 4 are restricted.
I included a dummy for holidays to reflect the possible different traffic conditions during
holidays. I also included daily average weather variables, including linear and quadratic
terms in air temperature, dew point temperature, sealevel pressure, wind direction, wind
speed, precipitation, sky condition (fraction of the total celestial dome covered by clouds or
other obscuring phenomena), and dummies for eight wind directions, to account for effects
of weather on the traffic condition. Finally, I included the month of the year, day of the
week, and hour of the day fixed effect to account for unobserved factors correlated to the
traffic condition in a given month, weekday, and hour.
The coefficient of interest is α1, which represents the number 4 day’s effects on the value
of congestion index. Column 1 in Table 2.7 shows that the number 4 day corresponds to an
average increase of 0.52 in the congestion index. To determine whether there are different
effects on different times of the day, I restricted the sample to peak hours, non-peak hours,
and non-restricted hours. Peak hours include morning peak hours from 7:00 to 9:00 and
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evening peak hours from 17:00 to 19:00. Non-peak hours include all hours from 7:00 to
20:00 when the driving restriction is in force but exclude peak hours. Non-restricted hours
include the hours before 7:00 and after 20:00, when the driving restriction is not in force.
When the sample is limited to peak hours, the magnitude of the effect increases to 0.85
for morning peak hours, and 1.37 for evening peak hours. For non-peak hours, the effect is
slightly lower at 0.78. And for non-restricted hours, the effect is only 0.063. All estimates
during the period when the driving restriction is in force are significant at the 1% confidence
level, while the estimate for the non-restricted hours is significant only at the 10% confidence
level. Compared with the mean value of the traffic congestion index, during number 4 days,
the congestion index is higher by around 23%. The largest effect is during the evening
peak hours, when the congestion index is higher by 30%. Although the significance level
is lower, there is also a small effect during the non-restricted hours. This is reasonable,
because if people cannot use their vehicles to get to work during the day when restrictions
are in place, they cannot make the return trip when the restriction is not in place. Finally,
as a sensitivity check, I narrowed down the sample to include only weekdays (excluding
weekends and holidays). Since people may exhibit different travel behavior during weekends
and holidays, and fixed effects might be unable to perfectly control for this, I only compared
traffic conditions on number 4 days with other weekdays using the narrowed down sample.
The magnitude of the effects is stable across the two specifications.
To further explore the effects of number 4 days on the congestion pattern and to deter-
mine whether people adjust their travel behavior during the number 4 days, I tested the
effects on the duration of congestion, and the starting and ending times of the morning and
evening peaks with the same method. As described earlier, I defined a 15-minute period as
“congested" if the congestion index during that period reached 4 or above, and calculated the
duration of congestion by counting the number of “congested" 15-minute periods. Column
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1 of Table 2.8 shows the effects of number 4 days on the number of congested hours for
the whole day. The effect is estimated to be 2.47 at the 1% confidence level, which means
congested hours increase by 2.47 hours on number 4 days. Columns 2 and 3 show that the
effect is 1.18 for morning peak hours and 1.25 for evening peak hours. Compared with the
mean value, the number 4 day is associated with a 50% increase in daily congested hours.
In Table 2.9, the starting and ending time of the morning and evening peak hours are the
dependent variables. For morning peak hours, the estimated coefficients are -0.13 and 1.05
for starting and ending time, respectively, which means morning congestion periods tend to
start around 8 minutes earlier and end around 1 hour later during the number 4 days. For
evening peak hours, the coefficients are estimated at -0.86 and 0.39, which means evening
congestion periods start around 50 minutes earlier and end about 23 minutes later.
These results confirm that the number 4 day has a significant effect on traffic congestion.
On the one hand, it has a positive impacts on the level of congestion during all periods of
the day. The impact is largest during evening peak hours and morning peak hours, followed
by non-peak hours. The impact is marginal during the non-restricted hours. On the other
hand, the number 4 day causes an increase in congestion hours. The results show that traffic
is heavier during number 4 days, and there is no sign of people redirecting travels toward
non-restricted hours to circumvent the restriction.
2.4.2 Effects of the Number 4 Day on Ambient Air Pollution
I estimated the number 4 day’s effect on ambient air pollution by running the following
regression.
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Pollutionmt = α0 + α11{DR_4t}+ holidayt + weathert (2.2)
+ montht + dowt + stationm + εmt
where Pollutionmt is the daily measure of pollutants concentration of NO2, PM10, or
SO2 measured by the EPB monitoring station m on date t. As discussed in Section 3, the
level of certain pollutants such as PM and NO2 in Beijing tends to be lower during daytime
and higher during the night due to meteorological conditions (Chen et al. 2009; Zhao et al.
2009). Hence, traffic emission during morning peak hours might be hard to accumulate due to
the meteorological conditions in favor of dilution of pollutants. In contrast, emission during
the evening peak hours is relatively easier to accumulate starting from the evening until the
next morning. Based on the hypothesis that the traffic condition today has an impact on air
quality during the time period from noon of the current day to noon the next day, I used the
24-hour average concentration for pollutants during this period as the dependent variable. As
before, I included weather variables including linear and quadratic terms in air temperature,
dew point temperature, sealevel pressure, wind speed, precipitation, sky condition (fraction
of the total celestial dome covered by clouds or other obscuring phenomena), and dummies for
eight wind directions as controls. To match with the 24-hour average air pollution measure,
the weather variables used here are averaged values over the same period from noon to
noon as well. The holiday fixed effect, month fixed effect, day of the week fixed effect, and
monitoring station fixed effect were also included to control for possible unobserved temporal
and spatial factors. Standard errors were two-way clustered at the station and date level to
account for both serial correlation within a station over time and spatial correlation among
stations within a day. Since Beijing has only 27 stations and too few cluster may yield
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over-rejection of the no-effect null hypothesis (Bertrand et al. 2004; Cameron et al. 2008),
here I used the wild cluster bootstrap approach described in Cameron, Gelbach, and Miller
(2008) to calculate the p-values.14
The coefficient of interest is α1, which represents the number 4 day’s effects on the air
pollution level. Since there are more vehicles on the road on the number 4 days, I expected
α1 to be positive. Table 2.10 presents estimate results using equation(2.2). Columns 1 to 3
show the effects on NO2, PM10, and SO2 respectively. Among the three pollutants, NO2
is considered the most closely related to road traffic. Column 1 suggests that the number
4 day is associated with an 5.76-6.03µg/m3 increase in 24-hour average NO2 concentration
from noon of the current day to noon the next day, which is an approximately 12% increase
compared to its mean value. Since the driving restriction is only in force within the Fifth
Ring Road, I expect heterogeneity in the effects on pollution for urban areas and rural areas.
When I limited the sample to urban stations, the effects onNO2 increased to 6.82-6.92µg/m3.
For rural stations, the effects were smaller at around 4.88-5.29µg/m3, but still statistically
significant. It is not surprising to see positive and significant effects in rural areas where
the driving restriction is not in force, because a large proportion of people who reside in the
rural areas of Beijing commute to the urban center for work on a daily basis. Columns 2
and 3 show the effects on PM10 and SO2, pollutants that are less closely related to traffic
than NO2. While the sign of coefficients is correct, the significance level is much lower.
Columns 4 to 6 present similar results from regressions with a lag term of the pollution level
as an additional control to account for the potential influence of the pollution level from the
previous day. To check for robustness, I also ran regressions without controls for weather and
day of the week fixed effect. The results (available upon request) were largely unchanged.
14Bertrand et al. (2004) and Cameron, Gelbach, and Miller (2008) have shown that clustering can over-
reject when the number of clusters are small. Here I use the STATA command cgmwildboot by Judson
Caskey to carry out the wild cluster bootstrap approach and calculate the p-values for coefficients.
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To further explore the temporal feature of how number 4 days affect ambient air pollution,
I ran more tests based on the hourly measure of PM2.5 data measured by the US embassy in
Beijing. I divided each 24-hour period into eight 3-hour periods and ran regressions for each
of the periods during the number 4 day and the subsequent day. For this set of regressions,
I used the 3-hour average concentration of PM2.5 as the dependent variable and controlled
for holiday, weather, month of year, and day of the week fixed effects as before. Weather
variables were 3-hour average values matched with each 3-hour period. Coefficients for the
16 periods are presented in Table 2.11 and Figure 2.6. Although the significance level is
not high, the coefficients show the expected temporal pattern. As shown in Figure 2.6, the
effects start to appear at around 21:00 on the number 4 days, and gradually disappear at
around 12:00 the next day. The magnitude of effects is comparable to the effects of PM10.
This provides some evidence of the lagged effects of the traffic condition on the air pollution
level in Beijing.
A review of the air quality standard regulated by the MEP of China (Table 2.1) can
enhance understanding of the magnitude of effects. The standard for 24-hour mean NO2
concentration is 80 µg/m3. The mean value of 24-hour average NO2 concentration in Beijing
is 50.24 µg/m3 (see Panel B of Table 2.4). On number 4 days, the pollution level is estimated
to be higher by 6.03 µg/m3. Even after adding the 6.03 µg/m3 effect to the 50.24 µg/m3
mean, the concentration is still below the air quality standard for residential area set by
MEP.
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2.4.3 The Number 4 Day, Ambient Air Pollution, and Health
Effects of the Number 4 Day on Ambulance Call Rate
I began with the following regression to explore the effect of the driving restriction on health,
particularly how the number 4 day affects local health outcomes. As mentioned in the
previous section, the day’s traffic condition mainly affects pollution levels from early evening
until the next morning. Hence, the number 4 day is expected to have major effects on
health outcomes on the next day. In equation (2.3), I used a district-level measure of health
outcomes on the next day as the dependent variable, 1{DR_4t} on the right hand side is
the number 4 day dummy that equals to one if number 4 is restricted on date t. Holiday,
month of the year, day of the week, and district fixed effects were included to account for
possible unobserved temporal and spatial factors. Weather variables including linear and
quadratic terms in air temperature, dew point temperature, sealevel pressure, wind speed,
precipitation, sky condition, and dummies for eight wind directions were also included to
account for effects of weather on health.
Healthdt = α0 + α11{DR_4t}+ holidayt + weathert (2.3)
+ montht + dowt + districtd + εdt
Table 2.12 presents the results from equation (2.3). The measure of health outcome is the
district-level daily emergency ambulance call rates (number of emergency ambulance calls
per million people) by self-reported symptom. Regressions were weighted by district-level
population size. Symptom types that are expected to be affected by pollution include heart-
related symptoms and fever. Injury was included to provide a falsification test. Standard
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errors were clustered on both district and date level, and p-value was calculated using the
wild cluster bootstrap approach. Each coefficients in the table is from a different regression.
The first column of each panel is from regressions using the full sample, while the second
column of each panel is from regressions using the sample excluding weekends and holidays.
Panel A in Table 2.12 presents the effects for the overall population. The number 4 day
has significant positive effects on both heart-related symptoms and fever, but no significant
impact on the control group “injury". The point estimates in Panel A show that the number
4 day leads to an increase of 0.155, 0.081, and 0.190 in ambulance call rates related to all
heart symptoms, coronary heart problems, and fever, respectively. Panels B and C report
coefficients for male and female populations. There is no significant difference between the
two subpopulations for fever. However, for coronary heart disease, the coefficient for females
is insignificant at 0.027, much smaller than that of males at 0.118. Panels D to F report
coefficients for different age categories. For fever, the point estimate for the population aged
65 and older is the largest at 1.253, compared to 0.068 for the population aged 15 to 64, and
0.274 for the population below 15 years old.
Multiplying coefficients estimated in Table 2.12 with population size, Panel A of Table
2.13 reports the predicted increase in the number of emergency ambulance calls on number
4 days for the urban area of Beijing. With a population size of 12.28 million, the urban
area of Beijing is estimated to have 1.9 and 2.33 more emergency ambulance calls related
to heart diseases and fever during number 4 days. Although Table 2.12 shows that the
subpopulation aged 65 and older has the largest point estimates, a significant portion of the
increase in emergency ambulance calls occurs in the subpopulation aged 15 to 64 given its
large population size. Panel B of Table 2.13 reports the percentage change of ambulance call
rates by dividing the coefficients in Table 2.12 by the mean values of ambulance call rates.
The percentage increase in ambulance call rates associated with number 4 days is 3%, 19%,
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and 12% for all heart-related symptoms, coronary heart problems, and fever, respectively.
Breaking into subpopulations, rows 2 to 3 of Panel B show a difference in percentage changes
of ambulance call rates for coronary heart problems between male and female groups. The
percentage increase for the male group is around 30%, while the increase in the female group
is only 8%. Rows 4 to 6 show the percentage changes for different age groups. While the
point estimates for the population aged 65 and older shown in Table 2.13 are larger than
those of other age groups, the percentage increase presented in row 4 of Panel B is much
smaller compared to that of the population aged 15 to 64.
Relationship between Ambient Air Pollution and Health
To further explore the linkage between ambient air pollution and health outcomes, I first ran
a set of tests using traditional OLS regressions. To match the air pollution level with health
data, the station-level air pollution data were averaged into district level. In this set of
regressions, I used district-level ambulance call rates by symptom as the dependent variable,
and pollution concentration as the independent variable. As before, weather condition,
holiday, month of the year, day of the week, and district fixed effects were included as
controls. Estimates were weighted by district-level population size, and standard errors were
two-way clustered by district and date. Table 2.14 reports the OLS estimates. Although the
significance level is low, the positive coefficients suggest a positive relationship between the
ambient air pollution level and ambulance call rates related to heart problems and fever.
However, estimates from traditional OLS regressions may suffer from biases introduced
by measurement error or any unobserved determinants of both pollution and health. In this
study, I assigned the ambient pollution level from monitoring stations to the people residing
in the district. This might not precisely reflect individuals’ exposure to air pollution, since
there might be spatial variation in the pollution level within a district and people might
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commute between districts. Time-varying unobserved factors that affect both pollution and
health, such as weather, can also generate bias in estimates. To prevent this problem, I
examined the effects of ambient air pollution on health, using the following instrumental
variable approach to regress ambulance call rates by symptom on instrumented air pollution
concentration.
Pollutiondt = α0 + α1 ˆCongestiont + holidayt + weathert (2.4)
+ montht + dowt + districtd + εdt
Healthdt = β0 + β1 ˆPollutiondt + holidayt + weathert (2.5)
+ montht + dowt + districtd + ηdt
In equation (2.4), the district-level 24-hour average air pollution concentration for the
period from noon of the current day to noon the next day is the dependent variable. On
the right-hand side, ˆCongestiont is the daily traffic congestion index instrumented by the
number 4 day. As shown in the previous section, since the driving restriction only has a
significant impact on the level of NO2, I used the concentration of NO2 as the measure of
air pollution. In the second stage equation (2.5), the health outcome for the next day is
regressed on the estimated NO2 level from noon of the current day to noon the next day
in equation (2.4). Other control variables include weather variables, holiday, month of the
year, day of the week, and district fixed effects. Estimates were weighted by district-level
population size, and standard errors were two-way clustered by both district and date.
Table 2.15 presents the effects of instrumented NO2 on ambulance call rates. Panel A
shows the effects for the overall population. There are significant effects on the ambulance
call rates for heart-related symptoms and fever but no effects on injury. Based on estimates
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from the IV regression, a one standard deviation increase in NO2 is associated with a 6%,
35%, and 27% increase in ambulance call rates of heart-related symptoms, coronary heart
problems, and fever, respectively. This relationship between NO2 and health should be
explained with caution. As mentioned earlier, the traffic condition is related to a series
of pollutants, such as NO2, PM10, PM2.5, CO, and O3. With these possible sources of
endogeneity but only one instrument variable, the model is under identified. The estimates
presented here can be viewed as a relationship between heath and air pollution from traffic
sources, using NO2 as an indicator of traffic-related air pollution.
Displacement and Lag Effects
The baseline regressions in the previous sections only examine the effect of the traffic con-
dition and air pollution on contemporaneous health outcomes. However, if air pollution has
lagged effects on health, the contemporaneous estimation will underestimate the total health
effects. On the other hand, if there is a temporal displacement of health effects, which makes
already vulnerable people call the ambulance earlier, then the regression will overestimate
the effects.
To further explore the temporal dynamics of air pollution’s impacts on health, I estimated
a distributed lag regression that included three lag terms of instrumented NO2 concentration
and one lead term as a falsification test. If the instrumented NO2 concentration has lagged
effects on health, then the coefficients for lag terms should be positive. Conversely, if there
is a temporal displacement of health effects, then a decrease in ambulance call rates should
be observed in subsequent periods, hence, the coefficients for lag terms should be negative.
Table 2.16 reports the results for the distributed lag model. As expected, the lead term
does not have a statistically significant health effect. The largest effects emerge for the
current term. For lag terms, the previous day’s NO2 concentration has a positive effect on
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the current day’s coronary heart disease ambulance call rate. Results show no sign of any
temporal displacement effect for heart disease or fever.
2.5 Economic Cost of the Number 4 Day
Findings of this study show that the number 4 day has a significant impact on traffic con-
dition, ambient air pollution, and ambulance call rates. To evaluate the economic cost of
the number 4 day, or the economic cost of a weaker driving restriction, I first examined the
economic costs of a higher level of traffic congestion. Results in Section 4.1 show that during
the number 4 days, the average increase of the traffic congestion index is 0.52. Based on
the traffic congestion index and the corresponding extra time spent on the road presented
in Table 2.3, this can be translated into an average increase of 7% in travel time. According
to the 2012 Beijing Transport Annual Report, the average travel time of private vehicles is
42.5 minutes; thus, the number 4 day is associated with a 3-minute increase in average travel
time for private vehicles. The number of passenger trips by private vehicles in 2012 was 9.9
million per day. Multiplied by the 3-minute increase in average travel time, this amounts
to 0.5 million extra hours per day. To express it in economic values, I multiplied the extra
hours by the average wage in Beijing in 2012, and obtained a daily cost of $ 0.59 million.
The health effects found in this study are only a portion of the total health effects. The
ambulance call data used in the study only counts sick people with an acute condition who
have to call an ambulance; it does not count those who feel sick but just stay home or go
to the hospital by themselves. In addition, I only estimated the contemporaneous health
effects by focusing on the daily variation of air pollution; I did not account for any long-term
health effects of air pollution. Finally, the data focused on those living in the urban areas
of Beijing. I was unable to estimate the potential effects of people living in the rural areas
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of Beijing, where air pollution is also affected by the driving restriction.
To monetize morbidity, one common approach is to estimate by people’s willingness to
pay (WTP) to avoid illness. The WTP approach should capture the value of the suffering
avoided, the time lost, and the medical treatment costs of illness. However, to my knowledge,
no contingent valuation studies for morbidity have been conducted in China. Thus, I used
the value of statistical life (VSL) multiplied with the estimated number of deaths from
increased ambulance calls to valuate the health cost. The VSL used here is $0.76 million,
which is based on the estimated VSL in Krupnick et al. (2006) and adjusted for income
difference. The estimated number of deaths was calculated by multiplying the number of
increased ambulance calls on the number 4 day by emergency patients’ mortality rate. As
shown in Table 2.15, the number 4 day increases the number of ambulance calls related to
heart diseases and fever by 4.2 cases in the urban areas of Beijing. Based on the number
of emergency call patients and the number of deaths presented in Wan et al. (2008), the
mortality rate of emergency call patients in Beijing is estimated at 4.2%. Multiplying the
two numbers, I estimated the increase in deaths of emergency patients at 0.18. The health
cost is therefore estimated to be $0.14 million per day.
2.6 Conclusion
This study exploits a unique feature of the driving restriction policy and the superstitious
resentment of the number 4 in Beijing to examine the relationship between traffic congestion,
ambient air pollution, and health. Based on the license plate number’s last digit, the driving
restriction policy in Beijing unintentionally allows more vehicles on the road during days
when the number 4 is restricted. This provides an exogenous shock of air pollution for
estimating the effects on health. I found that the number 4 day is a strong predictor of
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traffic conditions, ambient air pollution, and local health outcomes. The traffic congestion
level is 20% higher on days restricting the number 4, and the 24-hour average concentration
of NO2 from noon of the number 4 day to noon the next day is 12% higher. These short-term
increases in air pollution increase ambulance calls by 3%, 19%, and 12% for heart-related
symptoms, coronary heart disease, and fever, respectively, while no effects are found for
injuries. While the point estimates of changes in ambulance call rates for the population
aged 65 and older are larger, the percentage increase for the population aged 15 to 64 is
higher. Given the large size of the population aged 15 to 64, a significant proportion of the
increase in ambulance calls is attributed to this group. With a distributed lag model, I found
no significant forward displacement or lagged effects of traffic congestion induced pollution
on health.
The results suggest the significant health impacts of air pollution from the road trans-
portation sector and the substantial negative health externalities of traffic congestion in
China. With rapid urbanization and motorization, traffic congestion and air pollution have
become serious problems in large Chinese cities. It is therefore crucial to quantify the neg-
ative externalities coming from the transport sector. Evidence from this study can help
to inform policy decisions. Although various transport policies have been implemented in
different Chinese cities over the past a few years, little evidence has been provided on the
effects of these policies. While the effects of the driving restriction policy remain debatable,
many densely populated Chinese cities (e.g. Nanchang, Changchun, Lanzhou, Guiyang,
Hangzhou, and Chengdu) have replicated or are about to replicate this policy. This study
helps provide evidence on the potential social benefits of reducing traffic congestion through
policies like the driving restriction policy. Results suggest that a driving restriction policy
could be effective in reducing traffic congestion and air pollution and improving local health
outcomes in a certain context.
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Tables and Figures
Figure 2.1: Vehicle Stock and Mode of Transportation in Beijing
Notes: Figure at the top plots the trends of total vehicle stock and private vehicle stock in
Beijing. The bottom figure shows changes in mode of transportation in Beijing. Data for
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Figure 2.2: Average 15-minutes Traffic Congestion Index in 2012
Notes: This graph plots the average 15-minutes traffic congestion index in the year of 2012,
based on the 15-minutes traffic congestion index for urban area of Beijing reported by Beijing
Transport Research Center.
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Figure 2.3: Location of Air Quality Monitoring Stations
Notes: Air quality in Beijing was monitored by a network of 27 monitoring stations in 2012.
Green dots in the graph show the locations of the 27 monitoring stations operated by Beijing
Environmental Protection Bureau. Red dot in the graph shows the location of US Embassy
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Figure 2.4: Association of PM2.5 Concentrations Measured in Nongzhanguan Station and
US Embassy
Notes: The graph plots the 24-hour average concentrations of PM2.5 measured by
Nongzhanguan station operated by EPB and the US embassy of Beijing in 2013.
Nongzhanguan is the EPB station that locates closest to US embassy, which locates within
1.6 kilometers to the US Embassy.
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Figure 2.5: Diurnal Pattern of PM2.5 Concentration in Beijing
Notes: The graph plots the annual average hourly variation of PM2.5 concentration, based
















0:00 6:00 12:00 18:00 0:00 6:00 12:00 18:00
Time
Figure 2.6: Effects of the Number 4 Day on PM2.5
Notes: The 3-hour average PM2.5 concentration is regressed on the dummy of number 4 days
for the sixteen 3-hour periods of the number four day and the subsequent day. Regressions
include weather controls (linear and quadratic terms of minimum and maximum temperature,
dew point, air pressure, precipitation, sky condition, wind speed, and dummies for eight wind
directions), holiday, month, and day of week fixed effects. Coefficients for the 16 periods are
plotted in the figure, with 10% confidence interval. Coefficients are also presented in Table
11.
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Table 2.1: Air Quality Standard by MEP and WHO
Annual Mean(µg/m3) 24-hour Mean(µg/m3)










Note: Table lists second class air quality standards set by Ministry of Environmental Protec-
tion of China (air quality standards that applied to residence, business, and industrial area,
according to Ambient Air Quality Standard (GB3095-2012)) and air quality guidelines set by
WHO (http://whqlibdoc.who.int/hq/2006/WHO_SDE_PHE_OEH_06.02_eng.pdf?ua=1).
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Table 2.2: Pollution Concentration and Corresponding Air Pollution Index
PM10 NO2 SO2 API Air quality Air quality Notes of health effects24-hour average (µg/m3) level condition
50 80 50 50 I Excellent Daily activity will not be affected.
150 120 150 100 II Good Daily activity will not be affected.
350 280 800 200 III
Slightly The symptom of the susceptible is slightly
polluted aggravated, while the healthy people will
have stimulated symptoms.
420 565 1600 300 IV
The symptoms of the patients with cardiac
Moderate and lung diseases will be aggravated
polluted remarkably. Healthy people will
experience a drop in endurance and
increased symptoms.
500 750 2100 400
V
Heavy Exercise endurance of the healthy people
600 940 2620 500 polluted drops down, some will have strong
symptoms. Some diseases will appear.
Note: Table lists pollution concentration and the corresponding range of air pollution index (API) for PM10, NO2,
and SO2. The corresponding air quality condition and health concerns for five categories of API are also listed in
the table.
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Table 2.3: Traffic Congestion Index and the Corresponding Traffic Condition
Values Congestion level Extra time spend on road
0-2 No congestion Running with the speed limit, don’t need extra time.
2-4 Almost no congestion 20%-50% times longer than running with the speed limit.
4-6 Slightly congested 50%-80% times longer than running with the speed limit.
6-8 Moderately congested 80%-110% times longer than running with the speed limit.
8-10 Heavily congested 110% times longer or more than running with the speed limit.
Note: Table lists values of traffic congestion index with the corresponding congestion level and
extra time needed.
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Table 2.4: Summary Statistics for Measure of Traffic Congestion and Air Quality
Obs. Mean Std.Dev. Min. Max.
Panel A: Measure of Traffic Congestion
15-minutes Average Traffic Congestion Index
All hours 28071 2.28 1.83 0.30 9.70
Morning peak hours 2359 3.48 2.23 0.49 8.79
Evening peak hours 2396 5.15 2.14 0.91 9.70
Non-peak hours 10655 2.91 1.37 0.49 9.52
Non-restricted hours 12661 0.99 0.48 0.30 8.61
Hours of Congestion
All day 231 4.17 2.27 0.25 12.25
Morning peak 231 2.17 1.08 0.25 5.25
Evening peak 251 2.62 1.58 0.25 7.50
Starting and Ending Times of Peak Hours
Morning Peak
Starting time 231 8.09 1.02 7.25 12.00
Ending time 231 10.03 1.18 8.00 13.00
Evening Peak
Starting time 253 16.44 1.31 13.00 18.50
Ending time 253 18.85 0.74 14.50 21.50
Panel B: Measure of Air Quality
All Stations
NO2 8841 50.24 27.35 0 204.8
PM10 9672 106.67 74.94 4 600
SO2 9026 28.65 28.85 4 195.5
PM2.5 8295 90.52 81.72 0 994
Urban Stations
NO2 3938 57.81 24.89 1.6 204.8
PM10 4305 116.22 76.16 5 600
SO2 4053 29.44 29.88 4 195.5
Rural Stations
NO2 4903 44.17 25.92 0 171.2
PM10 5367 99 73.05 4 600
SO2 4973 28.01 27.97 4 195.5
Note: Table lists summary statistics for measure of traffic congestion and air quality in
2012. Measures of traffic congestion include 15-minutes average traffic congestion index,
duration of congested hours, and starting and ending times of morning and evening peaks.
Measures of air quality include 24-hour average NO2, PM10, and SO2 concentrations from
EPB stations, and hourly PM2.5 concentration from US Embassy in Beijing.
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Table 2.5: Summary Statistics for Measure of Health
Obs. Mean Std.Dev. Min. Max.
Overall Population
All heart 2196 5.102 2.614 0 16.52
Coronary 2196 0.416 0.619 0 4.695
Fever 2196 1.651 1.323 0 9.39
Injury 2196 8.542 3.323 0 25.33
Male
All heart 2196 4.293 2.964 0 18.349
Coronary 2196 0.379 0.789 0 6.116
Fever 2196 1.718 1.758 0 11.236
Injury 2196 8.048 4.109 0 26.966
Female
All heart 2196 5.531 3.477 0 22.436
Coronary 2196 0.424 0.884 0 9.615
Fever 2196 1.409 1.692 0 16.026
Injury 2196 6.131 3.488 0 25.918
Age 65 or Older
All heart 2196 23.569 14.128 0 93.75
Coronary 2196 2.266 3.994 0 31.25
Fever 2196 9.857 9.414 0 78.125
Injury 2196 19.632 12.675 0 93.75
Age 15 to 64
All heart 2196 2.923 1.879 0 13.947
Coronary 2196 0.192 0.467 0 4.024
Fever 2196 0.355 0.577 0 4.184
Injury 2196 4.475 2.448 0 19.526
Age under 15
All heart 2196 0.097 0.911 0 17.241
Coronary 2196 0 0 0 0
Fever 2196 2.879 5.33 0 34.483
Injury 2196 2.45 4.752 0 40.541
Note: Table lists summary statistics for emergency ambulance call rates (number of ambu-
lance calls per million people) by disease type and subpopulation groups.
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Table 2.6: Comparison of Weather and Air Quality between the Number 4 Days and Other
Days
Number 4 Days Other Days P-Value T-Value
Mean Std.Dev. Mean Std.Dev.
Weather Variables
Min Temp (◦C) 6.763 11.837 6.594 12.202 0.929 0.090
Max Temp (◦C) 17.619 12.901 17.576 12.181 0.982 0.022
Dew Point (◦C) 2.898 12.983 1.479 14.832 0.531 0.627
Air Pressure (hPa) 1015.44 10.262 1016.15 10.166 0.654 -0.449
Precipitation (mm) 0.123 0.455 0.212 1.071 0.569 -0.571
Wind Speed (m/s) 2.598 1.418 2.829 1.265 0.246 -1.162
Sky Condition 0.288 0.195 0.282 0.208 0.854 0.184
Visibility 5.917 4.217 6.347 4.868 0.564 -0.577
Air Quality
NO2(µg/m3) 59.224 31.896 48.893 25.140 0.000*** 12.537
PM10(µg/m3) 120.420 72.835 104.540 75.092 0.000*** 7.020
SO2(µg/m3) 35.325 36.852 27.201 27.170 0.000*** 8.901
Note: Table lists mean value and standard deviation for weather and air quality variables
for the number 4 days and other days. P-values and T-values are presented based on mean
value T test between the two groups.
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Table 2.7: Effects of the Number 4 Day on Traffic Congestion Index
1 2 3 4 5 6
All hours Peak Hours Morning Peak Evening Peak Non-peak Hours Non-restricted Hours
Panel A: Full sample
0.52*** 1.12*** 0.85*** 1.37*** 0.78*** 0.063*
[0.060] [0.11] [0.098] [0.18] [0.094] [0.033]
Obs. 28,071 4,755 2,359 2,396 10,655 12,661
Panel B: Excludes weekends and holidays
0.50*** 1.09*** 0.76*** 1.31*** 0.72*** 0.064*
[0.060] [0.12] [0.095] [0.18] [0.088] [0.034]
Obs. 19,275 4,092 1,623 1,469 6,462 8,721
Weather Y Y Y Y Y Y
Month FE Y Y Y Y Y Y
Day of Week RE Y Y Y Y Y Y
Hour FE Y Y Y Y Y Y
Note: Table regresses traffic congestion index on dummy of number 4 days for different time periods. Regressions
include weather controls (linear and quadratic terms of minimum and maximum temperature, dew point, air pressure,
precipitation, sky condition, wind speed, and dummies for eight wind directions), holiday, month, day of week, and
hour fixed effects. Robust standard errors in brackets. Significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 2.8: Effects of the Number 4 Day on Duration of Congestion Periods
1 2 3
Peak Hours Morning Peak Evening Peak
Panel A: Full sample
2.47*** 1.18*** 1.25***
[0.33] [0.14] [0.24]
Obs. 231 231 251
Panel B: Excludes weekends and holidays
2.45*** 1.19*** 1.22***
[0.32] [0.14] [0.23]
Obs. 191 197 202
Weather Y Y Y
Month FE Y Y Y
Day of week Y Y Y
Note: Table regresses duration of congestion periods on dummy of number 4 days. Re-
gressions include weather controls (linear and quadratic terms of minimum and maximum
temperature, dew point, air pressure, precipitation, sky condition, wind speed, and dummies
for eight wind directions), holiday, month, and day of week fixed effects. Robust standard
errors in brackets. Significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 2.9: Effects of the Number 4 Day on Starting and Ending Time of Peak Hours
1 2 3 4
Morning Peak Evening Peak
Starting Time Ending Time Starting Time Ending Time
Panel A: Full sample
-0.13*** 1.05*** -0.86*** 0.39***
[0.034] [0.12] [0.19] [0.089]
Obs. 231 231 251 251
Panel B: Excludes weekends and holidays
-0.14*** 1.05*** -0.85*** 0.37***
[0.029] [0.12] [0.18] [0.086]
Obs. 197 197 202 202
Weather Y Y Y Y
Month FE Y Y Y Y
Day of Week Y Y Y Y
Note: Table regresses starting and ending time of morning and evening peak hours on dummy of number 4 days.
Regressions include weather controls (linear and quadratic terms of minimum and maximum temperature, dew point,
air pressure, precipitation, sky condition, wind speed, and dummies for eight wind directions), holiday, month, and
day of week fixed effects. Robust standard errors in brackets. Significance levels are indicated by *** 1%, ** 5%, *
10%.
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Table 2.10: Effects of the Number 4 Day on Air Pollution
1 2 3 4 5 6
NO2 PM10 SO2 NO2 PM10 SO2
Panel B: Full sample
All stations 6.03** 11.53** 3.56* 5.41*** 11.10 3.44**
[0.016] [0.048] [0.094] [0.006] [0.118] [0.44]
Obs. 8841 9649 8777 8376 9493 8366
Urban stations 6.92*** 14.39 4.49 5.98*** 13.76 4.66*
[0.002] [0.128] [0.13] [0.000] [0.304] [0.07]
Obs. 3938 4293 3910 3727 4229 3738
Rural stations 5.29** 9.25* 2.79 4.99** 8.98 2.47
[0.02] [0.044] [0.17] [0.01] [0.122] [0.178]
Obs. 4903 5356 4867 4649 5264 4628
Panel B: Excludes weekends and holidays
All stations 5.76*** 8.39 2.73** 5.17*** 8.26 2.60*
[0.008] [0.138] [0.034] [0.000] [0.204] [0.082]
Obs. 5938 6416 5839 5590 6278 5538
Urban stations 6.82*** 11.03 3.6 5.82*** 10.65 3.63*
[0.000] [0.194] [0.14] [0.000] [0.356] [0.06]
Obs. 2647 2854 2602 2483 2793 2471
Rural stations 4.88*** 6.29 2.03 4.67** 6.35 1.81
[0.000] [0.16] [0.134] [0.012] [0.168] [0.218]
Obs. 3291 3562 3237 3107 3485 3067
Weather Y Y Y Y Y Y
Day of Week Y Y Y Y Y Y
Month FE Y Y Y Y Y Y
Lag Pollution Y Y Y
Note: Table regresses 24-hour average pollution concentration for the periods from noon the
current day to noon the next day on the dummy of number 4 days. Regressions include
weather controls (linear and quadratic terms of minimum and maximum temperature, dew
point, air pressure, precipitation, sky condition, wind speed, and dummies for eight wind
directions), holiday, month, day of week, and monitoring station fixed effects. Column 4-6
also controls for lag term of air pollution. Robust standard errors are two-way clustered
on both station and date level. Considering clustering with small number of stations might
yield over-rejection of null hypothesis, P-values in brackets are calculated with wild cluster
bootstrap approach. Significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 2.11: Effects of the Number 4 Day on PM2.5 for Different Time Periods
1 2 3 4
Number 4 Day Day after Number 4 Day
Full sample Weekdays Full Sample Weekdays
0am-3am 15.8 11.5 29.1* 24.5
[12.2] [12.1] [16.0] [16.1]
Obs. 348 230 347 235
3am-6am -1.47 -9.71 24.5 20.8
[11.9] [12.1] [16.3] [16.2]
Obs. 348 230 347 235
6am-9am -7.97 -13.5 21.2 17.9
[11.3] [11.3] [14.8] [14.6]
Obs. 346 229 345 234
9am-12pm -11.8 -13.3 24.0* 20.9
[9.95] [9.84] [14.3] [14.2]
Obs. 346 230 345 232
12pm-15pm -4.86 -10.2 15.5 12.3
[9.89] [10.3] [12.8] [12.9]
Obs. 350 235 349 235
15pm-18pm 1.56 -0.32 8.84 5.08
[9.46] [9.82] [13.5] [13.6]
Obs. 351 236 351 237
18pm-21pm 2.74 2.5 4.72 0.5
[10.7] [10.9] [14.2] [14.3]
Obs. 348 235 348 234
21pm-24pm 19.7 18 6.52 2.64
[12.8] [13.5] [14.5] [14.8]
Obs. 347 235 347 234
Weather Y Y Y Y
Day of Week Y Y Y Y
Month FE Y Y Y Y
Note: Table regresses 3-hour average PM2.5 concentration on the dummy of number 4 days
for the sixteen 3-hour periods of the number four day and the subsequent day. Regressions
include weather controls (linear and quadratic terms of minimum and maximum temperature,
dew point, air pressure, precipitation, sky condition, wind speed, and dummies for eight wind
directions), holiday, month, and day of week fixed effects. Robust standard errors in brackets.
Significance levels are indicated by *** 1%, ** 5%, * 10%. Coefficients presented here are
plotted in Figure 2.6.
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Table 2.12: Effects of the Number 4 Day on Ambulance Call Rate
1 2 3 4
All Heart Coronary Fever Injure
Panal A: Full Population
Full Sample 0.155*** 0.081*** 0.190*** -0.055
[0.000] [0.000] [0.000] [0.624]
Weekdays 0.168*** 0.081*** 0.193*** -0.091
[0.000] [0.000] [0.000] [0.492]
Panel B: Males
Full Sample 0.176* 0.118** 0.205*** -0.069
[0.096] [0.012] [0.000] [0.408]
Weekdays 0.232*** 0.112* 0.202*** -0.119
[0.000] [0.066] [0.000] [0.120]
Panel C: Females
Full Sample 0.171 0.027 0.203*** 0.002
[0.218] [0.240] [0.000] [0.944]
Weekdays 0.141 0.034 0.211*** 0.003
[0.378] [0.370] [0.000] [0.892]
Panel D: Ages 65 and older
Full Sample 0.253 0.188 1.253*** -0.917
[0.626] [0.396] [0.000] [0.464]
Weekdays 0.594 0.156 1.321*** -0.799
[0.198] [0.456] [0.000] [0.588]
Panel E: Ages 15 to 64
Full Sample 0.156 0.073 0.068*** -0.005
[0.100] [0.164] [0.000] [0.910]
Weekdays 0.153* 0.081* 0.074*** 0.002
[0.078] [0.070] [0.000] [0.968]
Panel F: Ages below 15
Full Sample - - 0.274 -0.053
- - [0.448] [0.716]
Weekdays - - 0.179 -0.093
- - [0.724] [0.562]
Full Sample Obs. 2190 2190 2190 2190
Weekdays Obs. 1458 1458 1458 1458
Weather Y Y Y Y
Day of Week Y Y Y Y
Month FE Y Y Y Y
Note: Table regresses daily ambulance call rate for the next day on the dummy of number
4 days. Regressions include weather controls (linear and quadratic terms of minimum and
maximum temperature, dew point, air pressure, precipitation, sky condition, wind speed, and
dummies for eight wind directions), holiday, month, day of week, and district fixed effects.
Robust standard errors are two-way clustered on both district and date level. Considering
clustering with small number of district might yield over-rejection of null hypothesis, P-
values in brackets are calculated with wild cluster bootstrap approach. Significance levels
are indicated by *** 1%, ** 5%, * 10%.
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Table 2.13: Effects of the Number 4 Day on Ambulance Calls - Changes in Number and
Percentage Change
1 2 3
All Heart Coronary Fever
Panel A: Changes in Number of Ambulance Calls
Full Population 1.9 1 2.33
Males 1.1 0.74 1.29
Females 1.03 0.16 1.22
65 or older 0.3 0.22 1.5
15 to 64 1.55 0.73 0.68
Younger than 15 - - 0.3
Panel B: Percentage Change of Ambulance Call Rates
Full Population 3.29% 19.47% 11.69%
Males 5.40% 29.55% 11.76%
Females 2.55% 8.02% 14.98%
65 or Older 2.52% 6.88% 13.40%
Age 15 to 64 5.23% 42.19% 20.85%
Younger than 15 - - 6.22%
Note: Panel A of the table lists changes in number of emergency ambulance calls in urban
area of Beijing by multiplying coefficients estimated in Table 12 by population size. Panel
B lists the percentage change of ambulance call rates, which is calculated by dividing the
coefficients in Table 12 by the mean value of ambulance call rates.
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Table 2.14: Ambulance Call Rates Regressed on Pollution
1 2 3 4
All Heart Coronary Fever Injure
Panal A: Ambulance Call Rates Regressed on NO2
Full Sample 0.0007 0.0014** 0.0005 -0.0029
[0.802] [0.022] [0.620] [0.120]
Weekdays 0.0006 0.0018* 0.0009 -0.0072***
[0.752] [0.052] [0.612] [0.002]
Panel B: Ambulance Call Rates Regressed on PM10
Full Sample 0.0001 0.0004* 0.0002 -0.0001
[0.890] [0.096] [0.374] [0.862]
Weekdays 0.0003 0.0005*** 0.0005 -0.0013*
[0.638] [0.000] [0.322] [0.082]
Panel C: Ambulance Call Rates Regressed on SO2
Full Sample 0.0021 0.0015** 0.0028*** -0.0037
[0.236] [0.042] [0.000] [0.338]
Weekdays 0.0013 0.0016 0.0037*** -0.0068*
[0.468] [0.164] [0.000] [0.064]
Full Sample Obs. 2048 2048 2048 2048
Weekdays Obs. 1377 1377 1377 1377
Weather Y Y Y Y
Day of Week Y Y Y Y
Month FE Y Y Y Y
Note: Table regresses district level daily ambulance call rate on 24-hour average pollution
concentration from noon the day before to noon the current day. Regressions include weather
controls (linear and quadratic terms of minimum and maximum temperature, dew point, air
pressure, precipitation, sky condition, wind speed, and dummies for eight wind directions),
holiday, month, day of week, and district fixed effects. Robust standard errors are two-way
clustered on both district and date level. Considering clustering with small number of district
might yield over-rejection of null hypothesis, P-values in brackets are calculated with wild
cluster bootstrap approach. Significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 2.15: Effects of Instrumented NO2 Concentration on Ambulance Call Rate
1 2 3 4
All Heart Coronary Fever Injure
Panal A: Full Population
Full Sample 0.012** 0.006*** 0.018*** -0.004
[0.022] [0.000] [0.000] [0.720]
Weekdays 0.016*** 0.007*** 0.022*** -0.003
[0.000] [0.000] [0.000] [0.882]
Panel B: Males
Full Sample 0.017** 0.010*** 0.018*** -0.006
[0.036] [0.000] [0.000] [0.404]
Weekdays 0.023*** 0.011* 0.020*** 0.002
[0.000] [0.068] [0.000] [0.918]
Panel C: Females
Full Sample 0.012 0.001 0.021** 0.001
[0.370] [0.660] [0.034] [0.826]
Weekdays 0.015 0.001 0.026*** 0.000
[0.312] [0.720] [0.000] [0.936]
Panel D: Ages 65 and older
Full Sample 0.016 0.009 0.123*** -0.091
[0.870] [0.596] [0.000] [0.606]
Weekdays 0.022 0.007 0.142*** -0.110
[0.764] [0.702] [0.000] [0.570]
Panel E: Ages 15 to 64
Full Sample 0.013 0.007 0.006*** 0.001
[0.126] [0.188] [0.000] [0.902]
Weekdays 0.017*** 0.007 0.007*** 0.008
[0.000] [0.144] [0.000] [0.654]
Panel F: Ages below 15
Full Sample - - 0.028 -0.003
- - [0.410] [0.816]
Weekdays - - 0.034 -0.005
- - [0.346] [0.772]
Full Sample Obs. 2190 2190 2190 2190
Weekdays Obs. 1458 1458 1458 1458
Weather Y Y Y Y
Day of Week Y Y Y Y
Month FE Y Y Y Y
Note: Table regresses district level daily ambulance call rate on instrumented 24-hour aver-
age NO2 concentration for the periods from noon the previous day to noon the current day.
Regressions include weather controls (linear and quadratic terms of minimum and maximum
temperature, dew point, air pressure, precipitation, sky condition, wind speed, and dummies
for eight wind directions), holiday, month, day of week, and district fixed effects. Robust
standard errors are two-way clustered on both district and date level. Considering clustering
with small number of district might yield over-rejection of null hypothesis, P-values in brack-
ets are calculated with wild cluster bootstrap approach. Significance levels are indicated by
*** 1%, ** 5%, * 10%.
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Table 2.16: Effects of Instrumented NO2 on Ambulance Call Rate - Distributed Lag Model
1 2 3
All Heart Coronary Fever
Panal A: Full Sample
ˆNO2 in T+1 0.002 -0.002 -0.002
[0.692] [0.248] [0.366]
ˆNO2 in T 0.012** 0.005*** 0.019***
[0.040] [0.000] [0.000]
ˆNO2 in T-1 0.004 0.004*** -0.002
[0.448] [0.000] [0.738]
ˆNO2 in T-2 0.002 -0.002* 0.004*
[0.328] [0.070] [0.064]
ˆNO2 in T-3 -0.003 0.001 -0.003
[0.296] [0.616] [0.278]
Panal B: Excludes Weekends and Holidays
ˆNO2 in T+1 0.002 -0.001 -0.001
[0.586] [0.230] [0.464]
ˆNO2 in T 0.017*** 0.006*** 0.023***
[0.000] [0.000] [0.000]
ˆNO2 in T-1 0.005 0.002*** 0.000
[0.182] [0.000] [0.954]
ˆNO2 in T-2 0.004 -0.002 0.003*
[0.442] [0.302] [0.056]
ˆNO2 in T-3 -0.004 0.000 -0.003
[0.204] [0.834] [0.260]
Full Sample Obs. 2166 2166 2166
Weekdays Obs. 1446 1446 1446
Weather Y Y Y
Day of Week Y Y Y
Month FE Y Y Y
Note: Table regresses a distributed lag model, using district level daily ambulance call
rate as dependent variable, instrumented NO2 concentration and its one lead and three lag
terms as independent variables. Regressions include weather controls (linear and quadratic
terms of minimum and maximum temperature, dew point, air pressure, precipitation, sky
condition, wind speed, and dummies for eight wind directions), holiday, month, day of week,
and district fixed effects. Robust standard errors are two-way clustered on both district and
date level. Considering clustering with small number of district might yield over-rejection
of null hypothesis, P-values in brackets are calculated with wild cluster bootstrap approach.
Significance levels are indicated by *** 1%, ** 5%, * 10%.
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Chapter 3
Subway Network Expansion, Traffic




To alleviate traffic congestion and meet people’s increasing need for transportation in Bei-
jing, the government of Beijing has initiated major efforts to expand the city’s urban subway
networks. In this study, I collected traffic congestion and air pollution data to examine
the effects of newly opened subway lines on traffic congestion and ambient air pollution in
Beijing. Results show that traffic congestion significantly decreases as the length of subway
routes increases. The opening of new subway lines is associated with decreases in air pollu-
tion levels in areas located close to the newly opened subway lines.
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3.1 Introduction
Urban rail transit systems are a major type of public transportation in cities around the
world. By the end of 2013, more than 140 cities in the world were equipped with urban rail
transit systems, with approximately 150 million passenger trips made on a daily basis (Inter-
national Association of Public Transport 2014). The number of cities with urban rail transit
systems continues to grow at an increasing rate, with numerous metropolises considerably
emphasizing the expansion of their existing systems. With large need of transportation and
high private vehicle ownership, Beijing is putting a lot of efforts in expanding its subway
network. According to an announcement made by Beijing Municipal Commission of Trans-
port, the city planned to invest a total of 200 billion Yuan ($29.2 billion) in new subway
construction projects by 2015. Whether such a huge investment will bring proportionate
social benefits is an important issue. On one hand, the provision of public transit services is
always considered a means of inducing people away from travelling by private automobile,
and alleviating traffic congestion. On the other hand, air pollution from road transport sector
has been estimated to accounts for substantial health externalities (e.g., Currie and Walker
2011). Although subways are not designed for mitigating air pollution, the development
of low emission-intensive rail transit systems is expected to help reduce traffic emissions.
Despite growing concerns, however, the literature on the effects of subway network expan-
sion has been scarce, and the issue of whether opening new subway lines significantly affects
traffic conditions or air pollution remains unclear.
In this study, I examined the effects of Beijing’s expansion of its subway network on
traffic congestion and ambient air pollution levels in the city. Over the period of 2007 to
2012, Beijing extensively expanded its subway system five times. I used the opening dates
of the newly developed subway lines as exogenous variations and estimated the impact of
the expansion on traffic congestion and air pollution. I find that the expansion of Beijing’s
subway system significantly reduces peak-hour traffic congestion during workdays. Specifi-
cally, the peak-hour traffic congestion decreases by 1.4%-4.2% along with every 10 kilometers
increase in the length of subway infrastructure. The results suggest that the total congestion
mitigation derived from every 10 kilometers increase in subway network translates to $30-90
million per year. In terms of effects on air pollution, the opening of new subway lines in
Beijing doesn’t have any statistically significant impact on the average pollution level in
Beijing, but has an effect of improving air quality in areas located close to the newly opened
subway lines. To the best of my knowledge, this study is the first to combine a data set
of traffic congestion and air pollution, and look into the effects of a massive subway net-
work expansion on these problems in the context of a developing country. Results also have
policy implication that to achieve environmental targets, one may need policies that have
appeal for non-environmental co-benefits. It might worth future work to consider how other
environmental policies can complement and embrace non-environmental objectives.
The rest of the paper is organized as follows: Section 2 provides a background of Beijing’s
subway network and its newly opened lines. Section 3 describes the data. Section 4 presents
the empirical strategy and results. Section 5 discusses the results. Section 6 concludes.
3.2 Background
With huge and increasing need of transportation and private vehicle stock in Beijing, the
city has been suffering from severe traffic congestion and traffic emission problems. The
passenger trips in Beijing have been steadily increasing over the past decades, and the share
of trips by private vehicles increased from 5% in 1986 to 34% in 2010 (Beijing Transportation
Research Center 2013). In 2012, the average road speed during peak hours on workdays was
63
around 25 kilometers per hour, and the average duration of congestion was more than 4 hours
per day. Vehicle emission has also become the most important source of air pollution in the
city. According to a 2012 report by the Beijing Municipal Environmental Protection Bureau
(EPB), vehicle-emitted NOx, CO, and PM with a diameter smaller than 2.5 micrometers
(PM2.5) accounted for 56.9%, 85.9%, and 22.2%, respectively, of the total emissions from all
sources in Beijing. 1 Aiming to alleviate these problems, the Beijing government dedicated
in expanding the subway network in the past decade, as a measure of providing extra access
of low emission-intensive public transportation. Over the five years from 2007 to 2012, new
subway lines were opened each year (Figure 3.1). On October 7, 2007, July 19, 2008, and
September 28, 2009, subway line 5, line 10 and line 4 came into operation, improving the
subway network within the Fifth Ring Road. On December 30, 2010, five more subway lines
were opened (line Daxing, Yizhuang, Fangshan, Changping, and the western part of line 15),
extending the service area to suburban areas. On December 31, 2011, three new lines were
opened (lines 8, 9, and the eastern part of line 15), further improving the linkage between
the city center and Beijing’s suburbs. The rapid expansion of the city’s subway network
has increased the daily average subway ridership by five times. The proportion of passenger
trips by subway is above 30% after 2007, a percentage considerably higher than the to 5%
in 1986 and 23.2% in 2000.
Some studies on this topic use hedonic methods to quantify the reduction in travel time
caused by rail transit infrastructure. Gibbons and Machin (2005) looked into the expansion
of the London Underground system and found that housing prices significantly decrease as
the distance to rail transit stations increases. Li (2013) investigated housing prices in Beijing
and found that traffic delays translate to lower housing prices, and that announcements of
1Here the vehicle emitted PM2.5 includes both primary and secondary emission, but excludes vehicle-
induced road dust. http://www.bjepb.gov.cn/bjepb/323474/331443/331937/331945/449229/index.
html
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metro line construction inflate the prices of properties near stations that are to be opened
in the future. More directly, some studies examine the effects of rail transit systems on
reducing traffic congestion and air pollution. Anderson (2012) uses a temporary shutting
down of transit system in Los Angeles due to a sudden strike of transit workers to estimate
the effects of transit service provision on traffic congestion. The estimation shows that
average highway delay increases by 47% when transit service ceases. Other studies have
linked the development of urban rail transit systems to air pollution. Chen and Whalley
(2012) estimated the effects of the opening of rail transit system on air quality in Taipei.
They use the discontinuity in transit utilization on the opening day of the rail transit system
to estimate the effects, and found that the opening is associated with a significant reduction
in the vehicular pollutant carbon monoxide. In Beijing’s case, a series of newly opened
subway lines in different parts of the city serves as an opportunity to further study the
effects of public transport provision on traffic congestion and vehicular air pollution.
3.3 Data
To measure the extent to which the subway network of Beijing has been expanded, I collected
the length of subway route over the period of 2007 to 2012 (Figure 3.2). I also created
five dummy variables for the five times of subway expansion over the study period. Each
dummy variable equals to one if the date is after the opening date of certain subway lines,
and zero otherwise. For the measure of traffic congestion, I collected the monthly average
congestion index for peak hours on workdays from 2007 to 2012. The traffic congestion
index was obtained from the reports of the Beijing Transportation Research Center, which
is calculated based on the real-time speed of vehicles on the road collected from taxis and
street monitors in the area within the Fifth Ring Road of Beijing. The index is on a scale
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from zero, which represents no congestion at all, to ten, which represents a very congested
road. The values describe the relationship between travel time according to real-time speeds
on the roads and travel time in obedience to the road’s speed limits, as presented in Table
3.1. For the measure of ambient air pollution, I collected two sets of data from the EPB. The
first set of data is 24-hour average PM10, NO2, and SO2 concentrations in Beijing from 2007
to 2012. Among the three pollutants, NO2 is the most closely related to vehicle emissions,
with around 60% of it coming from mobile sources. PM10 is also regarded as a major
vehicular pollutant, with 20-30% of the total PM10 emission coming from vehicle emissions.
SO2 originates primarily from coal burning and is not considered a vehicular pollutant. The
second set of data consists of station-level 24-hour average Air Pollution Index (API) from
2009 to 2011, which covers 27 monitoring stations located in the urban and rural areas of
Beijing. The API index is based on the concentration of primary pollutants of the day2.
During most days in Beijing, PM10 is the primary pollutant, hence the API index can be
considered as an approximate measure of PM10. Figure 3.3 shows the locations of the air
pollution monitoring stations and subway lines. With the station-level pollution measure,
I was able to examine the spatial heterogeneity of the effects of subway line opening on
ambient air pollution. Aside from these, I also obtained 24-hour average weather variables,
including temperature, humidity, air pressure, wind speed, and sunshine hours, from the
China Meteorological Administration.
2On each day, three pollutant-specific API index are calculated based on their 24-hour average concen-
tration, and the largest pollutant-specific API will be used as the day’s overall API, and the corresponding
pollutant is referred to as the primary pollutant of the day.
66
3.4 Empirical Results
3.4.1 Effects of Opening New Subway Lines on Traffic Congestion
I began by examining the effects of new subway line opening on traffic congestion. To examine
the relationship between the expansion of Beijing’s subway network and traffic congestion, I
first estimated a simple OLS regression as follows:
Congestiont = β0 + β1SubwayLengtht +Olympict +Montht + εt (3.1)
where Congestiont represents the monthly average congestion index for peak hours during
workdays in month t, SubwayLengtht represents the total length of subway infrastructures
in Beijing in month t. I also included Olympict, which indicates the 2008 Olympic Games
period, during which a series of transportation policies, such as the odd-even driving restric-
tion and traffic controls, were implemented. The month fixed effect is controlled to account
for monthly variations in congestion levels. The coefficient of interest is β1, which represents
the effects on the traffic congestion index for every one kilometer’s increase in the length of
subway infrastructure in Beijing. Table 3.2 presents the estimated results. The estimates in
column 1 were estimated using the basic specification, columns 2, 3, and 4 present the esti-
mates that were with control of the fifth-, sixth-, and seventh-order polynomial time trends,
respectively. The negative coefficients of the total length of subway routes indicates that
traffic congestion decreases as the length of subway routes increases. For each 10 kilometers
increase in subway route length, the congestion index decreases by 0.083-0.24, which is a
1.4%-4.2% decrease compared with the mean congestion level during peak hours on work-
days. Based on the traffic congestion index and the corresponding extra time spent on the
road presented in Table 3.1, the estimated decrease in congestion index associated with every
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10 kilometers’ increase in subway route length translates to an average decrease of 1%-3%
in travel time. Based on the average travel time and number of passenger trips by private
vehicle in 2012, the decrease in travel time for all private vehicle passengers is approximately
4-13 million minutes per day, which translates to an economic value of $30-90 million per
year by multiplying with the average wage in Beijing.
Over the 5 years from 2007 to 2011, there were five different subway lines opened in
Beijing. To further explore the effects of the opening of different lines on traffic congestion,
I used five separate dummy variables to represent the opening of the five subway lines, and
ran the following regression:
Congestiont = β0 + β1Subway2007t + β2Subway2008t + β3Subway2009t (3.2)
+ β4Subway2010t + β5Subway2011t +Olympict +Montht + εt
where Subway2007t to Subway2011t are the five dummy variables for the subways opened
in 2007 to 2011, respectively. Each variable equals one if the month t is after the opening
date of the certain subway line, and zero if the month t is before the opening date3. The
2008 Olympic Games period and month fixed effect were included as before. The estimates
in Table 3.3 show that the effects vary across different lines. The opening of subway line
10 in 2008 and the five suburban lines in 2010 are associated with significant decreases in
traffic congestion, whereas the opening of other subway lines exerts no statistically significant
impact on traffic congestion. Figure 3.4 plots the raw monthly average congestion data, and
Figure 3.5 plots the residuals from estimating equation (3.1) without the subway dummies,
with interception of five subway opening dates. Both figures show a significant drops in
3For subway lines opened early in a certain month (e.g. October 07th), the dummy equals to one for the
opening month. For subway lines opened late in a month (e.g. September 28th), the dummy equals to zero
for the opening month.
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traffic congestion at the dates of opening subway line 10 in 2008 and the five suburban lines
in 2010. This result is consistent with the estimates in Table 3.3.
One possible explanation for the variation in the effects of opening different subway lines
is the difference in the length of the newly opened line. The five times of subway extension
increase the subway route length by 28, 58, 28, 108, and 36 kilometers, respectively. I then
generate an interaction term of the subway dummy and its route length, and run a regression
as shown in equation (3.3). Here, β1 to β5 represent the per kilometer effect of the subway
line opened in 2007 to 2011.
Congestiont = β0 + β1Subway2007t ∗ Length2007 + β2Subway2008t ∗ Length2008(3.3)
+ β3Subway2009t ∗ Length2009 + β4Subway2010t ∗ Length2010
+ β5Subway2011t ∗ Length2011 +Olympict +Montht + εt
Table 3.4 reports the estimates from equation (3.3). Similarly, the negative coefficients
show that the opening of new subway lines reduces traffic congestion level. Multiply the
per kilometer effect with the subway route length of the corresponding subway line, the
magnitude of total effect is comparable with the one shown in Table 3.3. The magnitudes
of per kilometer effects for different subway lines are comparable, suggest that the length
of the new subway line is a major reason for the difference in total effects of each subway
line. The opening of line 10 in 2008 and opening of five suburban lines in 2010 substantially
increase the subway route length, hence have larger total effects on traffic congestion. There
is still difference in per kilometer effects between different lines, which might be related to
other characteristics such as the location of the newly opened subway line.
To address the potential multicollinearity between the dummy variables for the different
subway lines, I ran five separate regressions with each subway dummy, and narrowed down
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the time window to two years around the opening date of a given subway line. Table 3.5
reports the estimates of the five separate sets of regressions. The estimates show that the
opening of subway line 5 in 2007, line 10 in 2008, and the five suburban lines in 2010 is
associated with a significant reduction in the workday peak hours congestion index ranges
between 0.80 to 1.14, 1.51 to 2.08, and 1.24 to 1.44, respectively. Compared with the mean
congestion index during peak hours on workdays, the reduction range from 13.9% to 19.8%,
26.3% to 36.2%, and 21.6% to 25.0%, respectively.
Because the analysis was based on the exogenous variations brought by the opening of new
subway lines, the results might be complicated should there have been other related policies
implemented in the exactly same month of the subway opening. Considering that subway
line 10 was opened right before the 2008 Olympic Games, many transportation policies,
including the odd-even driving restriction and traffic controls, were introduced within the
same month. The effects of subway 10 may be better explained as a combined effect of the
opening of subway line 10 and other Olympic Games-related interventions.
3.4.2 Effects of Opening New Subway Lines on Air Pollution
To examine the effects of the newly opened subway lines on ambient air pollution, I started
with the following regression:
Pollutiont = β0 +β1SubwayLengtht+Weathert+Olympict+Holidayt+Montht+Dowt+εt
(3.4)
where Pollutiont represents the 24-hour average concentration of PM10, NO2, or SO2,
and SubwayLengtht represents the total length of subway routes in Beijing on date t. Besides
the 2008 Olympic Games period and month fixed effect, I also controlled for the fixed effects
of holidays and days of the week, as well as the 24-hour average weather variables, including
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linear and quadratic terms in temperature, humidity, air pressure, wind speed, precipitation,
and sunshine hours. Errors were clustered within a week to control for potential serial
correlation.
Table 3.6 shows the estimates from equation (3.3). Although the coefficients of SubwayLengtht
are negative and significant in column 1 of Table 3.6, the significance disappears in columns
2-4, for which the polynomial time trend was controlled. Along with the expansion of Bei-
jing’s subway network, the government of Beijing also implemented other pollution control
measures in both industrial and transport sectors. Given that the implementation of these
policies may correlate with the expansion of subway networks over time, it may complicate
the estimation results.
To further explore the effects of the subway line opening on air pollution, I narrowed the
time window down to two years around the opening date of each subway line and examined
the effects of each subway line separately within the two-year time window. To better con-
trol for the weather, holiday, day of week, and seasonal variation’s impacts on air pollution,
before narrowing the sample down to the two years around the opening date of each subway
line, I first ran a regression with pollution concentration as the dependent variable, and
with weather, holidays, and fixed effects of months and days of the week as the independent
variables over 2007 to 2012. I then used the residuals from estimating the equation as the
dependent variable, and one of the five subway dummy variables as the independent variable,
and estimated the effects within a two-year window around the given opening date. Tables
3.7-3.9 report the estimates from the five sets of regressions for the three pollutants (PM10,
NO2, and SO2). As before, the estimates in the first columns of Tables 3.7-3.9 are based
on the basic specification, and those in columns 2, 3, and 4 are the estimates with control
of the fifth-, sixth-, and seventh-order polynomial time trends, respectively. The estimates
show that the opening of subway line 10 in 2008 is associated with a significant decrease in
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NO2 levels from 10.2 to 11.8 µg/m3 (18.3% to 21.1% compared with the mean concentra-
tion of NO2). However, because other Olympic Games-related transportation policies were
introduced at the opening date of subway line 10, whether this effect is caused solely by the
opening of subway line 10 is unclear. The opening of the five suburban subway lines in 2010
is associated with significant reductions in PM10 and SO2 concentrations. However, given
that SO2 mainly comes from coal burning and is not considered a major vehicular pollutant
in Beijing, I did not expect its concentration to be affected by the opening of subway lines.
The reduction in PM10 and SO2 associated with the opening of subway lines in 2010 may be
associated with other factors related to reducing industrial emission or coal burning. Figures
3.6-3.8 plot the raw data of PM10, NO2, and SO2, and Figures 3.9-3.11 plot the residuals
of PM10, NO2, and SO2 from estimating the equation without the subway dummies (with
control for weather, holidays, and fixed effects of months and days of the week), along with
the five subway opening dates intercepts. The figures show similar results.
Since there are factors such as other pollution control policies that may be correlated
with subway opening over time, obtaining precise estimates based solely on time variations
is difficult to accomplish. I thus used the 2009 to 2011 station-level API data in Beijing
to further examine the effects. Restricted by the time range, I focused only on subway line
4 opened at the end of 2009, and the five suburban lines opened at the end of 2010. The
station-level API data enabled me to exploit the spatial variations in air pollution and explore
the spatial heterogeneity of the subway opening effects through the following regression:
Pollutionmt = β0 + β1Subwaymt +Weathert +Holidayt +Montht +Dowt + εmt (3.5)
Pollutionmt represents the daily API index at monitoring station m on date t. Assuming
that the opening of new subway lines affects only the air pollution in areas close to the newly
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opened line, I redefined the subway dummy Subwaymt to equal one if the date t is after the
opening date, and if the station m is within one kilometer of the newly opened subway line.
The regressions controlled for weather, holidays, and fixed effects of months and days of
the week. Standard errors were two-way clustered at the station and date level to account
for both serial correlation within a station over time and spatial correlation among stations
within a day.
Table 3.10 reports the estimates from the panel regressions4. The negative coefficients
suggest that in areas located close to the newly opened subway lines, air quality improved
after the new line was opened. The opening of subway line 4 in 2009 is associated with a
significant decrease in API from 0.58 to 1.34 (0.7% to 1.6% compared with the mean API) at
stations close to the line. The opening of the five suburban lines in 2010 is associated with
a significant decrease in API from 2.32 to 2.46 (2.8% to 2.9% compared with mean API).
3.5 Discussion
The empirical results show that the effects for different subway lines on traffic congestion
are not the same. Part of the difference can be explained by the difference in the length of
different subway lines. The magnitude per kilometer effects of different newly opened subway
lines reported in Table 3.4 are actually comparable, while the total effects reported in Table
3.3 is correlated with length of the newly opened line. In addition, other characteristics such
as the location of the newly opened subway line may also affect its effect. Whether the newly
opened subway line can have substantial effect on traffic congestion and air pollution depends
4Bertrand et al. (2004) and Cameron et al. (2008) have shown that clustering can over-reject when the
number of clusters are small. Since there are only 27 monitoring stations in Beijing, here I use the STATA
command cgmwildboot by Judson Caskey to carry out the wild cluster bootstrap approach and calculate
the p-values for coefficients in Table 3.10.
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on whether it can attract significant amount of passengers who originally use private vehicles
as the mode of transportation. Hence, factors such as population density, private vehicle
stock, existed public transit system in the neighbourhood of the newly opened subway line
are also likely to be related to its potential effect.
The opening of a new subway line may affect traffic congestion and air pollution in
different ways. First, resident living close to the newly opened subway line may be more
likely to travel by subways instead of private vehicles, hence the newly opened subway line
may affect neighbourhoods located close to it. Second, neighbourhoods with newly opened
subway lines may attract new residents. Hence the new subway lines might also reduce traffic
congestion and air pollution in areas where those residents moved out. Results estimated
from the time series analysis represents subway’s average effects over Beijing, while the
results from the panel regression reported in Table 3.10 focused on subway’s local effects.
Though the estimates from time series analysis are not statistically significant, the negative
coefficients suggest that opening of new subway lines may be associated with improved air
quality. Results from the panel regression suggest that the improvement of air quality in
areas located close to the newly opened subway line is larger compare to other areas.
To further explore the spatial heterogeneity of the effects of subway line opening, it worth
for future studies to look into factors such as population density, private vehicle stock, and
existed public transit system in different neighbourhoods, and their potential impact on the




The government of Beijing has initiated extensive efforts to expand its subway network over
the past decade, aiming to alleviate the traffic congestion and traffic emission problems in the
city. This study focused on the five newly opened subway lines over the period from 2007 to
2012 and estimated whether the opening of new subway lines could be effective in reducing
traffic congestion and ambient air pollution. The results show that the expansion of the
subway network has significant effects on traffic congestion in Beijing. The workday peak-
hour traffic congestion index decreases by 1.4%-4.2% with every 10 kilometers’ increase in
total subway route length. The effects vary across different subway lines. Significant effects
were found only for the opening of subway lines in 2008 and 2010. Possible explanations for
the variation in effects across different lines may include the difference in length and location
of different lines.
The results suggest that the expansion of the urban rail transit system can be an effective
way to reduce traffic congestion, and save significant amount of time cost occurred during
travelling. Given that many cities in China considerably emphasize the development or
expansion of urban rail transit systems, the findings in this paper provide evidence to support
future policy decisions. On the other hand, the expansion of subway networks is sometimes
considered a tool for controlling vehicle emissions and improving ambient air quality. The
findings suggest that the opening of new subway lines can reduce air pollution in areas close
to the newly opened subway lines. These findings serve as useful information for future




Figure 3.1: Expansion of Subway Network in Beijing











01jan2005 01jul2006 01jan2008 01jul2009 01jan2011 01jul2012
date
Total route length Opening of line 5
Opening of line 10 Opening of line 4
Five suburban lines Three suburban lines
Figure 3.2: Length of Subway Route in Beijing
Notes: Figure plots the change of subway route length in Beijing over the periods between
2005 to 2012.
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Figure 3.3: Location of Air Pollution Monitoring Stations and Subway Lines
Notes: Figure plots the location of air pollution monitoring stations and subway lines within






2007m1 2008m1 2009m1 2010m1 2011m1 2012m1
Total route length Opening of line 5
Opening of line 10 Opening of line 4
Five suburban lines Three suburban lines
Figure 3.4: Monthly Average Congestion Index
Notes: Figure plots the monthly average congestion index, along with interceptions of open-










2007m1 2008m1 2009m1 2010m1 2011m1 2012m1
ym
Total route length Opening of line 5
Opening of line 10 Opening of line 4
Five suburban lines Three suburban lines
Figure 3.5: Residual of Congestion Index
Notes: Figure plots the residuals of congestion index from estimating equation (3.1), along
















01jan2007 01jul2008 01jan2010 01jul2011 01jan2013
Figure 3.6: PM10 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the 24-hour average PM10 concentration with local mean smoothing.

















01jan2007 01jul2008 01jan2010 01jul2011 01jan2013
Figure 3.7: NO2 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the 24-hour average NO2 concentration with local mean smoothing. The
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Figure 3.8: SO2 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the 24-hour average SO2 concentration with local mean smoothing. The























01jan2007 01jul2008 01jan2010 01jul2011 01jan2013
Figure 3.9: Residual of PM10 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the residuals of 24-hour average PM10 concentration from estimating
equation (3.4) without controlling for subway length, with local mean smoothing. The




















01jan2007 01jul2008 01jan2010 01jul2011 01jan2013
Figure 3.10: Residual of NO2 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the residuals of 24-hour average NO2 concentration from estimating
equation (3.4) without controlling for subway length, with local mean smoothing. The
























01jan2007 01jul2008 01jan2010 01jul2011 01jan2013
Figure 3.11: Residual of SO2 Concentration with Interceptions of Subway Opening Dates
Notes: Figure plots the residuals of 24-hour average SO2 concentration from estimating
equation (3.4) without controlling for subway length, with local mean smoothing. The
interceptions indicate five subway opening dates over the period from 2007 to 2012.
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Table 3.1: Traffic Congestion Index and the Corresponding Traffic Condition
Values Congestion level Extra time spend on road
0-2 No congestion Running with the speed limit, don’t need extra time.
2-4 Almost no congestion 20%-50% times longer than running with the speed limit.
4-6 Slightly congested 50%-80% times longer than running with the speed limit.
6-8 Moderately congested 80%-110% times longer than running with the speed limit.
8-10 Heavily congested 110% times longer or more than running with the speed limit.
Note: Table lists values of traffic congestion index with the corresponding congestion level and
extra time needed.
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Table 3.2: Traffic Congestion Index Regressed on Subway Length
1 2 3 4
Subway length -0.0083*** -0.028*** -0.027*** -0.024***
[0.00087] [0.0029] [0.0030] [0.0031]
Olympic -3.29*** -1.96*** -1.88*** -2.05***
[0.19] [0.17] [0.18] [0.21]
Observations 72 72 72 72
Note: Table regresses monthly average traffic congestion index on total length of subway
route in Beijing. All regressions control for the 2008 Olympic Games period and month
fixed effects. Column 2-4 are with fifth, sixth, and seventh order polynomial time trend,
respectively. Robust standard errors are reported in brackets, significance levels are indicated
by *** 1%, ** 5%, * 10%.
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Table 3.3: Traffic Congestion Index Regressed on Five Subway Dummies
1 2 3 4
Olympic -2.35*** -1.84*** -1.74*** -1.74***
[0.14] [0.20] [0.25] [0.24]
Subway_2007 0.085 -0.31 -0.16 -0.46
[0.15] [0.25] [0.26] [0.29]
Subway_2008 -2.21*** -2.54*** -2.50*** -2.40***
[0.15] [0.32] [0.35] [0.34]
Subway_2009 0.80*** -0.22 -0.32 -0.54*
[0.17] [0.25] [0.27] [0.29]
Subway_2010 -1.15*** -2.35*** -2.29*** -2.10***
[0.17] [0.33] [0.34] [0.36]
Subway_2011 0.42*** -0.58 -0.78* -0.91**
[0.15] [0.38] [0.43] [0.41]
Observations 72 72 72 72
Note: Table regresses monthly average traffic congestion index on five subway dummies that
indicating the opening period of each newly opened subway line. All regressions control for
the 2008 Olympic Games period and month fixed effects. Column 2-4 are with fifth, sixth,
and seventh order polynomial time trend, respectively. Robust standard errors are reported
in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.4: Traffic Congestion Index Regressed on Five Subway Dummies Interacted with
Subway Length
1 2 3 4
Olympic -2.12*** -1.53*** -1.25*** -1.27***
[0.053] [0.10] [0.099] [0.099]
subway2007*length2007 -0.0035** -0.017*** -0.0031 -0.015***
[0.0015] [0.0029] [0.0027] [0.0027]
subway2008*length2008 -0.037*** -0.045*** -0.045*** -0.043***
[0.00077] [0.0031] [0.0028] [0.0028]
subway2009*length2009 0.032*** -0.017*** -0.026*** -0.034***
[0.0013] [0.0023] [0.0025] [0.0027]
subway2010*length2010 -0.010*** -0.022*** -0.020*** -0.018***
[0.00025] [0.00077] [0.00074] [0.00078]
subway2011*length2011 0.011*** -0.012*** -0.026*** -0.030***
[0.00068] [0.0023] [0.0024] [0.0023]
Observations 2,192 2,192 2,192 2,192
Note: Table regresses monthly average traffic congestion index on the interaction term of five
subway dummies and the length of each newly opened subway line. All regressions control
for the 2008 Olympic Games period and month fixed effects. Column 2-4 are with fifth,
sixth, and seventh order polynomial time trend, respectively. Robust standard errors are
reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.5: Traffic Congestion Index Regressed on Each Subway Dummy Separately
1 2 3 4
Subway_2007
-0.80** -1.14*** -1.05** -0.96***
[0.37] [0.29] [0.37] [0.30]
Subway_2008
-2.08*** -1.53*** -1.51*** -1.52***
[0.18] [0.24] [0.30] [0.33]
Subway_2009
0.61*** -0.43 -0.72 -0.78
[0.18] [0.33] [0.42] [0.52]
Subway_2010
-1.28*** -1.44*** -1.44*** -1.24***
[0.17] [0.30] [0.26] [0.30]
Subway_2011
0.42** -0.7 -0.7 -0.48
[0.17] [0.52] [0.54] [0.71]
Observations 24 24 24 24
Note: Table regresses monthly average traffic congestion index on one of the five subway
dummies at a time. Each estimate in the table came from a separate regression. The time
window is narrowed down to two years around the opening date of the subway line opened.
All regressions control for month fixed effect, the 2008 Olympic Games period is controlled
if within the time window. Column 2-4 are with fifth, sixth, and seventh order polynomial
time trend, respectively. Robust standard errors are reported in brackets, significance levels
are indicated by *** 1%, ** 5%, * 10%.
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Table 3.6: 24-hour Average Pollution Concentration Regressed on Subway Length
1 2 3 4
PM10
Subway Length -0.11*** -0.16 -0.17 -0.1
[0.024] [0.12] [0.13] [0.14]
Observations 2,138 2,138 2,138 2,138
NO2
Subway Length -0.026*** -0.052 -0.043 -0.074*
[0.0068] [0.037] [0.038] [0.044]
Observations 2,011 2,011 2,011 2,011
SO2
Subway Length -0.059*** -0.083* -0.11** -0.026
[0.0087] [0.043] [0.046] [0.052]
Observations 2,014 2,014 2,014 2,014
Note: Table regresses 24-hour average PM10, NO2, and SO2 concentration on total length
of subway route in Beijing. All regressions control for weather variables, the 2008 Olympic
Games period, holidays, month and day of week fixed effects. Column 2-4 are with fifth,
sixth, and seventh order polynomial time trend, respectively. Robust standard errors are
reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.7: 24-hour Average PM10 Concentration Regressed on Each Subway Dummies Sep-
arately
1 2 3 4
Subway_2007
-8.07 -0.22 22.5 25.8
[7.85] [22.6] [25.9] [25.2]
Subway_2008
-18.8** -15.8 -17.9 -15.2
[8.85] [27.1] [27.1] [28.3]
Subway_2009
8.31 -22.5 -41.7* -45.9**
[6.90] [19.5] [22.1] [21.9]
Subway_2010
-6.65 -41.8** -42.1** -39.5*
[7.13] [20.5] [20.5] [21.4]
Subway_2011
-10.3 37.3** 37.1** 42.6**
[6.59] [16.9] [17.1] [19.5]
Note: Table regresses 24-hour average PM10 concentration on one of the five subway dummies
at a time. Each estimate in the table came from a separate regression. The time window
is narrowed down to two years around the opening date of the subway line opened. All
regressions control for weather variables, holidays, month and day of week fixed effects. The
2008 Olympic Games period is controlled if within the time window. Column 2-4 are with
fifth, sixth, and seventh order polynomial time trend, respectively. Robust standard errors
are reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.8: 24-hour Average NO2 Concentration Regressed on Each Subway Dummies Sepa-
rately
1 2 3 4
Subway_2007
-13.2*** -6.81 -3.48 -2.72
[1.70] [5.78] [7.23] [7.27]
Subway_2008
1.67 -10.2* -11.5** -11.8**
[1.84] [5.46] [4.73] [4.86]
Subway_2009
2.83* -6.83 -8.55 -9.90*
[1.66] [5.04] [5.90] [5.77]
Subway_2010
-0.26 -8.71 -12.3 -13.4*
[2.24] [7.39] [7.79] [7.90]
Subway_2011
-6.08*** -6.69 -16.3 -15.7
[2.13] [13.4] [18.3] [18.9]
Note: Table regresses 24-hour average NO2 concentration on one of the five subway dummies
at a time. Each estimate in the table came from a separate regression. The time window
is narrowed down to two years around the opening date of the subway line opened. All
regressions control for weather variables, holidays, month and day of week fixed effects. The
2008 Olympic Games period is controlled if within the time window. Column 2-4 are with
fifth, sixth, and seventh order polynomial time trend, respectively. Robust standard errors
are reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.9: 24-hour Average SO2 Concentration Regressed on Each Subway Dummies Sepa-
rately
1 2 3 4
Subway_2007
-6.23* 5.08 4.7 4.47
[3.18] [7.16] [8.23] [8.20]
Subway_2008
0.092 -3.71 -4.46 -4.29
[2.91] [6.53] [6.23] [6.32]
Subway_2009
-0.78 -5.11 -4.39 -4.37
[2.36] [5.25] [5.76] [5.78]
Subway_2010
-3.02 -20.8** -27.9*** -29.1***
[2.50] [8.75] [9.21] [9.93]
Subway_2011
-2.87 -2.77 -11.2 -9.75
[2.28] [10.6] [13.9] [15.0]
Note: Table regresses 24-hour average SO2 concentration on one of the five subway dummies
at a time. Each estimate in the table came from a separate regression. The time window
is narrowed down to two years around the opening date of the subway line opened. All
regressions control for weather variables, holidays, month and day of week fixed effects. The
2008 Olympic Games period is controlled if within the time window. Column 2-4 are with
fifth, sixth, and seventh order polynomial time trend, respectively. Robust standard errors
are reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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Table 3.10: 24-hour Average API Regressed on Each Subway Dummies Separately - Panel
Regression
1 2 3 4
Subway_2009
1.82 -1.34** -0.88** -0.58*
P-value [0.24] [0.02] [0.03] [0.07]
Observation 19706 19706 19706 19706
Subway_2010
-2.40 -2.32* -2.35* -2.46*
P-value [0.48] [0.06] [0.06] [0.08]
Observation 19658 19658 19658 19658
Note: Table regresses station level 24-hour average API on Subway_2009 and Subway_2010
separately. Each estimate in the table came from a separate regression. The time window
is narrowed down to two years around the opening date of the subway line opened. All
regressions control for weather variables, holidays, month and day of week fixed effects.
Column 2-4 are with fifth, sixth, and seventh order polynomial time trend, respectively.
Robust standard errors are two-way clustered on both station and date level. Considering
clustering with small number of stations might yield over-rejection of null hypothesis, P-
values in brackets are calculated with wild cluster bootstrap approach. Significance levels
are indicated by *** 1%, ** 5%, * 10%.
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Chapter 4




This study used retail gasoline sales data and estimated the price and income elasticities of
vehicular gasoline demand in Beijing over the period between 2003 and 2011. To address the
concern that gasoline price and quantity are jointly determined, I employed an IV approach
using a guiding price set by the central government of China and the introduction of more
stringent vehicular gasoline standards in Beijing as instrument variables for gasoline price.
The estimates of the short-run price elasticity of gasoline demand range from -0.24 to -0.54,
while those of the long-run price elasticity range from -0.47 to -0.66. Estimated short-
run income elasticity ranges from 0.76 to 0.90, and estimated long-run income elasticity
ranges from 0.96 to 1.05. The expansion of subway network in Beijing has significant impact
on gasoline consumption. The price elasticity of gasoline demand is found to be getting
more elastic over time, which is likely to be caused by the extensive development of public
transportation systems and restrictions on private vehicle use.
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4.1 Introduction
On January 1, 2009, the government of China introduced a fuel tax reform, that increased in
the gasoline consumption tax from 0.2 to 1.0 Yuan per liter, and the kerosene consumption
tax from 0.1 to 0.8 Yuan per liter. The reform, however, did not result in higher driving cost,
because the increased fuel tax was intended simply to replace pre-existing road maintenance
fees, partly in consideration for opposition from consumers. The current fuel tax is not
sufficient to induce significant behavioral change, but given the government’s statement that
the fuel taxation reform is aimed at energy conservation and emission reduction, the tax rate
will highly likely increase in the future. This makes whether fuel taxation can function as
an efficient environmental policy a very important question to ask.
To get optimal taxation for controlling the gasoline consumption, the estimates of gaso-
line demand elasticities are needed. However, there are few gasoline demand elasticities
estimated for China due both to data and identification reasons. In this study, I focused on
estimating the price and income elasticities of gasoline demand in Beijing. As the capital of
China, Beijing is facing serious transportation problems, such as traffic congestion and traf-
fic emissions, as the need for transportation and private vehicle stock increases. To resolve
these problems, the government of Beijing recently implemented a series of transportation
policies in an effort to limit private vehicle use and encourage travel by public transport. In
this study, I used monthly gasoline retail data to estimate the price and income elasticities
of gasoline demand in Beijing over the period from 2003 to 2011. To address endogeneity
issue, I employed the gasoline guiding price set by the National Development and Reform
Commission (NDRC) and the regulated sulfur content of gasoline in Beijing as the instru-
ment variables for gasoline price. The significant estimates of the short-run price elasticity
of gasoline demand range from -0.24 to -0.54, and the estimates of long-run price elasticity
range from -0.47 to -0.66. The significant estimates of short- and long-run income elasticities
range from 0.76 to 0.90, and from 0.96 to 1.05, respectively. I also found that the expansion
of subway network in Beijing has significant impact on gasoline consumption. The price
elasticity of gasoline demand is getting more elastic during the recent years, which is likely
to be caused by the extensive development of public transportation systems and restrictions
on private vehicle use.
To the best of my knowledge, this is the first study to use retail gasoline consumption
data in estimating gasoline elasticities in China. Compared with aggregate national or
sub-national level gasoline consumption data, retail gasoline consumption data are directly
related to gasoline consumption from the road transport sector. Such data therefore provide
more accurate estimates of drivers’ responsiveness to gasoline price. This study also explores
the effects of factors such as the increase in total vehicle stock and the development of
subway systems on gasoline consumption. The findings indicate that the development of
public transportation systems can serve as a useful measure for reducing vehicular gasoline
consumption.
The rest of the chapter is structured as follows: Section 2 provides the background of the
study. Section 3 describes the data. Section 4 presents the empirical strategy and results.
Section 5 concludes.
4.2 Background
The demand elasticities of gasoline have been extensively studied since the 1970s, with
the majority of research based on aggregate data at the national or sub-national level in
developed countries. Drollas (1984) reviewed studies on gasoline demand elasticities over the
periods from 1950s to 1970s, and most of the estimates were for the United States and OECD
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countries. Although estimates can differ across studies, the consensus is that gasoline demand
is inelastic in the short-run, but that the long-run price elasticities of demand can be two to
four times larger with absolute values around unity. In a survey, Dahl and Sterner (1991)
determined that the average short-run price and income elasticities of gasoline demand are
-0.26 and 0.48, respectively, and the average long-run price and income elasticities of gasoline
demand are -0.86 and 1.21, respectively. Based on more than 300 previous estimates for the
U.S. and other developed countries, Espey (1998) found a median short-run price elasticity
of -0.23 and a median short-run income elasticity of 0.39. More recently, Hughes et al.
(2008) estimated gasoline demand elasticities in the U.S. in two periods from 1975 to 1980
and 2001 to 2006. The authors found that the absolute value of short-run price elasticity
is significantly smaller in the more recent period. The authors argue that gasoline taxes
would need to be significantly larger today to enable an equivalent reduction in gasoline
consumption. In contrast to the volume of research devoted to the context of developed
countries, fewer studies focused on developing countries’ gasoline demand elasticity. McRae
(1994) estimated the elasticities of gasoline demand in eleven developing countries of Asia
in the 1970s and 1980s. The estimates show that the price elasticities are more inelastic
and the income elasticities are more elastic in developing countries. Few studies focused on
China’s gasoline demand elasticity. Cheung and Thomson (2004) estimated China’s gasoline
demand elasticity over the period of 1980 to 1999. Their estimates indicate short- and
long-run price elasticities of -0.19 and -0.56, respectively, and short- and long-run income
elasticities of 1.64 and 0.97, respectively. Lin and Zeng (2013) provided estimates of the
gasoline demand elasticities in China over a more recent period from 1997 to 2008. The
authors used province level annual gasoline consumption data in China, and found that the
price elasticity of gasoline demand ranges from -0.497 to -0.196, and the income elasticity
of gasoline demand ranges from 1.01 to 1.05. To my knowledge, no study has provided
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estimates based on gasoline retail sales volume, which is more relevant to the consumption
behavior of private vehicle drivers.
Along with the rapid growth in vehicle stock, China’s gasoline consumption has dramat-
ically risen in the recent couple of years (Figure 4.1). According to the Energy Information
Administration of the United States, in 2009, China ranked second to the U.S. in terms of
motor gasoline consumption, accounting for around 4% of the total consumption worldwide.1
Beijing has also experienced a rapid increase in vehicle stock, which is the largest among all
the cities in China. In 2010, Beijing’s vehicle stock accounted for 5.8% of the total vehicle
stock in the country. Figure 4.1 shows the annual gasoline consumption in Beijing from 1995
to 2010. The gasoline consumption increased by nearly 5 times over the 15 years, with an
average annual growth rate of 11.5%, a percentage similar in magnitude to the city’s average
annual real GDP growth rate at 11.3%. In 2010, Beijing’s gasoline consumption accounted
for 5.4% of the total consumption in China
Gasoline price has increased dramatically over the past couple of decades. From 2003 to
2011, the average annual growth rate of real gasoline price in Beijing was 7.6%. In China,
the prices of oil products (gasoline, diesel, and kerosene) are determined on the basis of the
guiding prices set by the NDRC. The guiding price reflects price changes in the international
crude oil market and the average refinery cost in China. When the guiding price if adjusted,
local gas stations accordingly modify retail fuel prices within a certain range of the guiding
price. Another factor that may affect Beijing’s gasoline retail price is the introduction of
more stringent vehicle fuel standards. The central government of China always mandates that
new standards be implemented first by Beijing and a few other big cities. Over the studied
period, the government enacted two new standards in Beijing, each requiring lower sulfur
and manganese contents, and presumably increasing the cost of manufacturing gasoline and
1http://www.nationsencyclopedia.com/WorldStats/EIA-petroleum-consumption-motor-gasoline.html
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diesel because of higher sulfur and manganese removal costs. In July 1, 2005 and January
1, 2008, the new JingIII and JingIV vehicle gasoline standards were introduced in Beijing,
respectively. Figure 4.2 shows the retail gasoline price in Beijing and the NDRC guiding
price over the period from 2003 to 2011. Figure 4.3 illustrates the changes in the regulated
sulfur content of vehicular gasoline in Beijing.
4.3 Data
To estimate gasoline demand elasticities, I collected data on the gasoline retail price and
monthly retail sales volume in Beijing over the period from 2003 to 2011. The monthly
retail sales volume was then divided by annual population size in Beijing to derive the per
capita consumption of gasoline. I also obtained data on the monthly per capita disposable
income from the Beijing Statistical Yearbook. Gasoline price and disposable income were
converted to real values corresponding to the January 2008 Chinese Yuan by using the
monthly consumer price index from the Beijing Statistical Yearbook. Compared with the
aggregate national or sub-national level data used in most previous studies, retail data from
gas stations can more accurately describe the consumption behavior of passenger vehicle
drivers, and provide better estimates of transport fuel demand elasticities. Aside from the
gasoline price, consumption, and income data, vehicle stock and total length of subway routes
in Beijing were also collected to control for the impacts of changes in vehicle stock and the
provision of public transportation services on gasoline consumption.
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4.4 Empirical Strategy and Results
4.4.1 Basic Model
Not unlike other commodities, the demand for gasoline Q depends on its price P and con-
sumer income Y. Based on previous studies on this topic, the demand for gasoline can be
described by the following equation:
Qt = α · P β1t · Y β2t · eµt (4.1)
Starting from this simple demand function, the double-log model commonly used to
estimate gasoline demand elasticities can be derived as the follows:
lnQij = β0 + β1lnPij + β2lnYij + εi + εj + εij (4.2)
where Qij represents consumer demand for gasoline in year i and month j, which is
measured by the monthly per capita retail sales volume of gasoline in Beijing. Pij denotes
the real retail price of gasoline in year i and month j. Yij is the real per capita disposable
income in year i and month j. Both Pij and Yij are in constant 2008 Chinese Yuan. εi and εj
are the year and month fixed effects used to control for the annual and seasonal variations
in gasoline consumption, and εij is the error term.
The coefficients of interest are β1 and β2, which represent the price and income elastici-
ties of gasoline demand, respectively. Column 1 of Table 4.1 reports the estimates from the
basic double-log model. The price elasticity of gasoline demand is estimated to be -0.38,
and income elasticity is estimated to be 0.86. As discussed in Section 2, vehicle stock and
the provision of public transit services in Beijing have considerably changed over the stud-
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ied period. These changes are likely to affect people’s travel behavior, and hence, gasoline
consumption. Failure to control for these factors may result in biased estimates of gasoline
elasticities. In column 2, I added a log term of monthly vehicle stock in Beijing to control
for the impact of vehicle stock increase on gasoline consumption. The price and income
elasticities are -0.35 and 0.83 after controlling for vehicle stock. These results do not statis-
tically differ from those in the first column. In column 3, I added a log term of subway route
length to control for the influence of increased provision of public transportation services.
The price elasticity of gasoline becomes more inelastic at -0.24 and is no longer statistically
significant. The coefficient of log subway route length is significant at -0.37, indicating that
a 1% increase in the length of subway routes decreases gasoline consumption by 0.37%.
To test the robustness of the double-log model estimates, I also estimated the gasoline
demand elasticities by using two other functional forms: the linear and semi-log models.
Table 4.2 presents the estimates derived by these two alternative functional forms, along
with the estimates from the double-log model. The estimated price elasticities of gasoline
demand are largely the same across the different functional forms. However, the estimated
income elasticities of gasoline demand are substantially smaller than those derived through
the double-log model. In the succeeding sections, I continued to use the double-log model
because it is the most commonly used functional form, and estimates from it can be directly
compared with those in the previous literature.
4.4.2 IV Approach
A common concern when estimating demand elasticity is that price and quantity are jointly
determined. One way of addressing this endogeneity is to employ an instrument for gasoline
price to provide exogenous variations. An ideal instrument is one highly correlated with gaso-
line price but is uncorrelated with any unobserved determinants of gasoline consumption.
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Instruments that have been used in previous studies include the relative prices of refinery
goods (such as diesel, kerosene, and residual fuel oil), prices of international crude oil (Ram-
sey et al. 1975, Dahl 1979, Lin and Zeng 2013), and disruptions to crude oil production
(Hughes et al. 2008).
Here, I used the guiding price set by China’s NDRC and the changes in vehicular gasoline
standards in Beijing as instrument variables for gasoline retail price. As described in Section
2, China’s gasoline and diesel retail prices are determined based on the guiding price set
by the NDRC. This guiding price is determined based on the international crude oil price
and the average refinery cost in China. Hence, the NDRC guiding price should primarily
reflect the price change induced by the average production cost of gasoline in China. Another
instrument variable is the introduction of more stringent gasoline standards in Beijing. As
the capital city, Beijing is always among the first to implement more stringent fuel standards2.
Hence, the introduction of these standards in Beijing provides extra variations in the cost of
manufacturing gasoline. I adopted the changes in the regulated sulfur content of gasoline due
to the introduction of new vehicular gasoline standards as another instrument for gasoline
price in Beijing.3
Pij = α0 + α1Guidepriceij + α2Sulfurij + ηi + ηj + ηij (4.3)
Equation (4.3) shows the first-stage regression of the IV approach, where Guideprice
represents the adjustment of the guiding price announced by the NDRC in year i and month
2Stricter vehicular fuel standards in China are always implemented first in mega-cities such as Beijing,
Shanghai, and Shenzhen, and then will be implemented in the rest areas in the following 3-5 years.
3For these two variables to be valid instrument, I assume the validity of exclusion restriction. However,
it is possible that the guide price, which is highly correlated with international crude oil price, could be
correlated with economic activities and income level, which could affect demand of gasoline. Besides, if the
timing of introduction of stricter fuel standards is not randomly selected, it could also violate the exclusion
restriction. These could result in either underestimate or overestimate the elasticities.
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j, and Sulfur denotes the regulated sulfur content of gasoline, which reflects the change in
gasoline standards. Year and month fixed effects are controlled for, as is done in the previous
estimation.
To test the strength of the instruments, column 1 of Table 4.3 reports the first-stage
regression results. The table shows that the guiding price and sulfur content of gasoline both
have significant impact on gasoline price, with an F-statistic of 928.95. Column 2 shows the
estimates of gasoline demand elasticities, derived using the instrumental variable approach.
The price and income elasticities are estimated to be -0.54 and 0.90, respectively. In column
3, I added a log term of monthly vehicle stock, but the estimates are largely unchanged.
In column 4, I added a log subway route length as an extra control, and obtained a more
inelastic price elasticity at -0.37, and an income elasticity at 0.80. The coefficient of log
subway route length is -0.35. The results suggest that a 1% increase in gasoline price and
a 1% increase in subway route length exert similar magnitude of effects on the reduction of
gasoline consumption.
4.4.3 Partial Adjustment Model
Aside from the basic static model, I also employed another approach referred to as the partial
adjustment model to estimate the short- and long-run elasticities of gasoline demand. In
contrast to the static model, the partial adjustment model is a dynamic model that accounts
for the possibility that consumers’ responses to gasoline price may entail more than one
period to be realized. For example, consumers will probably forgo purchasing more fuel-
efficient vehicles or shifting to public transit as a result of higher gasoline prices in a single
period, however, consumers may engage in either behavior in the long term. In equation
(4.4), Q∗ij represents the ideal equilibrium gasoline consumption level given the price and
income in year i and month j. Nevertheless, because the equilibrium consumption will not
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be reached in one period, the model assumes that only a fraction γ of the total change is
realized in the current period, as expressed in equation (4.5).
lnQ∗ij = β0 + β1lnPij + β2lnYij (4.4)
lnQij − lnQij−1 = γ(lnQ∗ij − lnQij−1) + εi + εj + εij (4.5)
Substituting equation (4) into (5) yields the econometric model for partial adjustment
thus:
lnQij = δ0 + δ1lnQij−1 + δ2lnPij + δ3lnYij + εi + εj + εij (4.6)
In equation (4.6), gasoline consumption depends not only on the income and price in
the current period but also on the consumption in last period. The short-run price and
income elasticities are represented by δ2 and δ3, respectively. The fully adjusted long-run





= δ31−δ1 , respectively. Here,
the “long-run" represents only the period of time needed for the change in consumption to
be fully realized, which will depend on the speed of adjustment 1
γ
.
Table 4.4 reports the estimates derived with the partial adjustment model. The coef-
ficients of price and lagged consumption are significant, whereas those of income are not.
The short-run price elasticities of gasoline range from -0.12 to -0.26, which are more inelastic
than the elasticities obtained with the static model. The long-run price elasticities of gasoline
range from -0.18 to -0.47. The speed of adjustment 1
γ
is only around 1.5 to 1.8 months, thus,
the “long-run elasticity" here may be better regarded as a short-run elasticity as well. Table
4.5 lists the estimates obtained with the partial adjustment model using the IV approach.
The short-run elasticities range from -0.22 to -0.37, and the long-run elasticities range from
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-0.33 to -0.66. Column 3 of Tables 4.4 and 4.5 shows that after the log term of subway
route length is added, the coefficients of gasoline price are no longer significant, suggesting
that the provision of public transit services is an important influencing factor for gasoline
consumption in Beijing.
4.4.4 Changes in Gasoline Demand Elasticities over Time
The estimates in the previous sections are based on the assumption that the elasticities
of gasoline demand remain constant over the studied period. However, numerous factors
that may affect consumers’ responsiveness to gasoline price have changed over the past
couple of decades, including vehicle stock, composition of vehicle fleets, traffic conditions,
etc. Furthermore, the 2008 Olympic Games played an important role in promoting public
transportation in Beijing. To prepare for the event, the government of Beijing introduced a
series of transport policies aimed at alleviating traffic congestion, of which limiting the usage
of private vehicles (including the imposition of driving restrictions and higher parking fees)
and promoting public transit (large-scale expansion of the subway network) are two major
types of policies. Figure 4.3 shows the change in subway route length over the period from
2003 to 2011. The figure indicates that the subway system was extensively extended over
recent years.
To explore whether these substantial changes influence the elasticities of gasoline demand,
I estimated the basic double-log model for different time periods over 2003 to 2011. Starting
from January 2003, I estimated the gasoline demand elasticities for a series of 49 5-year
periods, each shifted by one month from the previous one. Figure 4.5 plots the estimated 5-
year price elasticities of gasoline demand over the studied period. The time that corresponds
to each elasticity estimate is the mid point of each 5-year period. The plot shows a trend that
price elasticity of gasoline demand is getting more elastic. Figure 4.6 plots the estimated 5-
109
year income elasticities of gasoline demand over the same period and shows that the income
elasticity has become more inelastic in recent years. The more elastic estimates in recent
years can be attributed to the changes in the population of private vehicle owners. In
2010, an average of 60 private vehicles were owned per 100 households in the urban area of
Beijing. This proportion is three times larger than the 2001 level. With the rapid increase
in vehicle stock, an increased number of less-wealthier households may have owned vehicles
compared with earlier years. With a more stringent budget, these households may be more
sensitive to prices. The changing in elasticities may also be related to the possibility that
the transportation policies introduced in recent years, such as the promoting public transit
and restricting private vehicle usage, provide people with alternative modes of travel and
reduce reliance on private vehicles.
To further explore the interaction between the price elasticity of gasoline and the de-
velopment of public transportation systems, I estimated a model with an interaction term
of log gasoline price and log length of subway routes. The coefficient of the interaction
term represents the extent to which gasoline consumption’s responsiveness to price changes
as total subway route length increases. Table 4.6 reports the estimates with OLS and IV
regressions. The negative coefficients of the interaction term indicate that gasoline price
elasticities become more elastic as subway length increases.
4.5 Conclusion
In this paper, I used the basic double-log model and instrument variables to estimate the
price and income elasticities of gasoline demand in Beijing over 2003 to 2011. The significant
estimates of the short-run price elasticity of gasoline demand range from -0.24 to -0.54, while
the estimates of long-run price elasticity range from -0.47 to -0.66. The significant estimates
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of short- and long-run income elasticities range from 0.76 to 0.90 and from 0.96 to 1.05,
respectively. The results are comparable with estimates from earlier studies.
I also found that the price elasticity of gasoline demand is becoming more elastic over
time, whereas the income elasticity of gasoline demand is becoming more inelastic over time.
The changes in gasoline demand elasticities are likely caused by the extensive development
of public transportation systems and restrictions on private vehicle use in recent years. In
a model with the interaction term of gasoline price and subway route length, the negative
coefficient of the interaction term implies that gasoline price elasticity becomes more elastic
as subway route length increases.
The results suggest that over the studied period, the average price elasticity of gasoline
demand is inelastic and is smaller in magnitude than the income elasticity. With the high
income growth rate in Beijing, further increase in the gasoline tax may be needed to achieve
reductions in gasoline consumption. The results also show that the increase in subway route
length significantly influences gasoline consumption and that gasoline price elasticity tends
to get more elastic as subway length increases. This suggests that the gasoline tax policy
and the development of alternative public transportation systems, such as subways, could
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Figure 4.1: Annual Gasoline Consumption in China
Notes: Figure plots the annual gasoline consumption in China over the years between 1995
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Figure 4.2: Gasoline Price in Beijing
Notes: Figure plots the gasoline retail price in Beijing and NDRC’s gasoline guide price over
the years between 2003 and 2011. Two interceptions indicates the dates of introducing two
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Figure 4.3: Regulated sulfur content for vehicular gasoline in Beijing
Notes: Figure plots the change of regulated sulfur content for gasoline in Beijing over the
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Figure 4.4: Monthly average length of subway route in Beijing
Notes: Figure plots the monthly average length of subway route in Beijing over the years
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Figure 4.5: 5-year price elasticity of gasoline demand over time
Notes: Figure plots the estimates of gasoline price elasticities for a series of 5-year periods
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Figure 4.6: 5-year income elasticity of gasoline demand over time
Notes: Figure plots the estimates of gasoline income elasticities for a series of 5-year periods
over the years between 2003 and 2011.
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Table 4.1: Basic Static Model - OLS Regression Results
1 2 3
Log real gasoline price -0.38** -0.35** -0.24
[0.15] [0.16] [0.15]
Log real income 0.86** 0.83** 0.76**
[0.34] [0.36] [0.31]
Log vehicle stock 0.31
[0.50]
Log subway length -0.37***
[0.091]
Observations 108 106 108
Note: Table regresses the static double log model, using log gasoline consumption as depen-
dent variable, log real gasoline price and log disposable income as independent variable. Log
vehicle stock and log subway route length are included in column 2 and 3, respectively. All
regressions control for year and month fixed effects. Robust standard errors are reported in
brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
118
Table 4.2: Basic Static Model - Linear, Semi-log, and Double-log Model
1 2 3
Linear Semi-Log Double-Log
Real gasoline price -8.76*** -0.082***
[3.09] [0.029]
Real income 0.012 0.00016
[0.014] [0.00013]
Log real gasoline price -0.38**
[0.15]
Log real income 0.86**
[0.34]
Observation 108 108 108
Price and Income Elasticities
Price -0.37** -0.44** -0.38**
[0.16] [0.19] [0.15]
Income 0.21 0.35 0.86**
[0.25] [0.30] [0.34]
Note: Column 1-3 regresses the linear, semi-log, and double-log model, respectively. Col-
umn 1 uses per capita gasoline consumption as dependent variable, real gasoline price and
real disposable income as independent variable. Column 2 uses log gasoline consumption
as dependent variable, and real gasoline price and real disposable income as independent
variable. Column 3 uses log gasoline consumption as dependent variable, log real gasoline
price and log disposable income as independent variable. All regressions control for year and
month fixed effects. Robust standard errors are reported in brackets, significance levels are
indicated by *** 1%, ** 5%, * 10%.
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Table 4.3: Basic Static Model - IV Regression Results
1 2 3 4





Log real price -0.54*** -0.51*** -0.37**
[0.16] [0.16] [0.15]
Log real income 0.83* 0.90*** 0.85*** 0.80***
[0.45] [0.30] [0.32] [0.28]




Observations 108 108 106 108
Note: Table regresses the static double log model using IV approach. Column 1 reports the
first stage results, using real gasoline price as dependent variable, NDRC’s guiding price and
regulated sulfur contents of gasoline as instrument variables. Column 2-4 report estimates of
gasoline demand elasticities using IV approach. All regressions control for year and month
fixed effects. Robust standard errors are reported in brackets, significance levels are indicated
by *** 1%, ** 5%, * 10%.
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Table 4.4: Partial Adjustment Model - OLS Regression Results
1 2 3
Panel A Partial Adjustment Model Estimates
Log lagged demand 0.45*** 0.44*** 0.34***
[0.094] [0.096] [0.099]
Log real price -0.26* -0.24* -0.12
[0.14] [0.15] [0.15]
Log real income 0.49 0.55 0.34
[0.32] [0.36] [0.32]
Log vehicle stock 0.42
[0.47]
Log subway length -0.34***
[0.12]
Observations 107 105 107
Panel B Short-run and Long-run Price Elasticities
Short-run -0.26* -0.24* -0.12
[0.14] [0.15] [0.15]
Long-run 0.47* 0.43 0.18
[0.27] [0.28] [0.23]
Panel C Short-run and Long-run Income Elasticities
Short-run 0.49 0.55 0.34
[0.32] [0.36] [0.32]
Long-run 0.89 0.98 0.52
[0.61] [0.68] [0.51]
Note: Panel A reports estimates from the partial adjustment model, using log gasoline
consumption as dependent variable, lag log gasoline consumption, log real gasoline price,
and log real disposable income as independent variable. Log vehicle stock and log subway
route length are included in column 2 and 3, respectively. All regressions control for year
and month fixed effects. Robust standard errors are reported in brackets, significance levels
are indicated by *** 1%, ** 5%, * 10%. Panel B and Panel C report the calculated short-
and long-run price and income elasticities of gasoline demand.
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Table 4.5: Partial Adjustment Model - IV Regression Results
1 2 3
Panel A Partial Adjustment Model Estimates
Log lagged demand 0.44*** 0.43*** 0.34***
[0.084] [0.085] [0.088]
Log real price -0.37*** -0.36** -0.22
[0.14] [0.14] [0.15]
Log real income 0.54* 0.60* 0.39
[0.29] [0.32] [0.28]
Log vehicle stock 0.4
[0.42]
Log subway length -0.31***
[0.11]
Observations 107 105 107
Panel B Short-run and Long-run Price Elasticities
Short-run -0.37*** -0.36** -0.22
[0.14] [0.14] [0.15]
Long-run 0.66** 0.63** 0.33
[0.28] [0.27] [0.24]
Panel C Short-run and Long-run Income Elasticities
Short-run 0.54* 0.60* 0.39
[0.29] [0.32] [0.28]
Long-run 0.96* 1.05* 0.59
[0.55] [0.60] [0.45]
Note: Panel A reports estimates from the partial adjustment model using the IV approach.
Log gasoline consumption is used as dependent variable, lag log gasoline consumption, log
real gasoline price, and log real disposable income are used as independent variable. Log
vehicle stock and log subway route length are included in column 2 and 3, respectively. All
regressions control for year and month fixed effects. Robust standard errors are reported in
brackets, significance levels are indicated by *** 1%, ** 5%, * 10%. Panel B and Panel C
report the calculated short- and long-run price and income elasticities of gasoline demand.
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Table 4.6: Model with Price-Subway Interaction Term
OLS IV
1 2
Log real price 2.69** 6.94***
[1.19] [2.46]
Log real income 0.54* 0.19
[0.32] [0.35]
Log subway length 0.54 1.83**
[0.38] [0.75]
Log price * Log subway -0.57** -1.38***
[0.23] [0.47]
Observations 108 108
Note: Table reports estimates from the model with interaction term of log real price and log
subway length. All regressions control for year and month fixed effects. Robust standard
errors are reported in brackets, significance levels are indicated by *** 1%, ** 5%, * 10%.
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